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Biomembranes are essential to cell structure and function. The function of these 
membranes is dependent not just on their composition of lipids and proteins, but also the 
distinct morphologies and shapes they present. In recent years, both experiments and 
simulations have begun to explore the relationship between membrane function and 
shape, but in this field, there is much to still be explored. The bulk of this work is dedicated 
to the development and application of techniques to build and study curved membranes 
in molecular dynamics simulations, using mitochondrial membranes as the primary 
biological system of study. 
 The inner mitochondrial membrane (IMM) houses the ATP generating machinery 
of Eukaryotic cells. IMM morphology consists of flat boundary regions coupled to highly 
curved cristae, with the various protein components of the membrane distributing to 
specific regions of these structures. Chapter 2 of this thesis explores the structural 
properties of mitochondria-mimetic membranes through simulated buckling, particularly 
studying the effects of cardiolipin, the signature lipid of the mitochondrion. Through 
buckled membranes we also gain insight into curvature-mediated partitioning of lipid 
components. 
 Chapter 3 of this thesis further explores the role of cardiolipin through study of 
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several diseases. Cardiolipin and monolysocardiolipin are studied in a comparative 
manner using both atomistic and coarse-grained molecular simulations, and potentially 
important differences in structural and dynamic properties between these membrane 
components are identified at both molecular and mesoscales. 
 A limitation of the work in Chapters 2 and 3 is the reductionist nature of studying 
pure lipid systems in flat or buckled states. Chapter 4 attempts to more closely model 
physiological membrane conditions by modeling cristae-like structures, a difficult task 
which requires new techniques for generating and maintaining membrane shapes. We 
further attempt to model more realistic membranes by studying the membrane structural 
effects of embedded ATP synthase – a key protein not only for energy production but also 
for maintaining mitochondrial morphology. 
 The curvature-related explorations of this and other studies highlight the need for 
a framework in which molecular simulations of curved membranes can be set up in a fast 
and flexible manner – a feat that has been accomplished for simulations of flat 
membranes, but not fully developed for curved systems. Chapter 5 of this thesis presents 
BUMPy, a python tool developed for this specific purpose. BUMPy is fast, flexible in both 
the range of shapes it can create as well as membrane composition, and can accurately 
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A defining feature of all cellular life is the compartmentalization of self from non-self. In the typical 
cellular context, the cell divides its internal constituency from the aqueous surroundings via a 
membrane composed of (predominantly) lipids and proteins. This compartmentalization 
accomplishes several goals. It allows for the propagation of genetic material through cellular 
division, facilitates the accumulation of important metabolites, and serves as a layer of protection 
from harmful pathogens.  
 Eukaryotic cells take further advantage of the compartmentalization offered by 
biomembranes through internal division of the cellular space into organelles, allowing for much 
more functional complexity. Genetic material is encapsulated in the nucleus, while the majority 
of energy production occurs in mitochondria. The secretory apparatus of cells is composed of a 
series of vesicles and sac-like compartments that iteratively post-process nascent proteins 
bound for various other cell compartments or the extracellular space.  
 In addition to forming physical barriers and transport containers, membranes also play 
an active role in most cellular processes. Membranes house a large number of proteins both 
embedded and peripheral, which are essential for cellular function. Lipids of the membrane 
themselves can act as substrates for enzymes or signaling molecules. In sum, biological 
membranes are both an essential structural and functional feature of cells. 
 Membrane curvature plays a key role in modulating the function of membrane 
components, and likewise the components of a membrane play an active role in sculpting its 
morphology. This curvature can be seen from the mesoscale in the shape of cell membranes 
down to the nanoscale with tightly curved morphologies of organelles such as the mitochondrion.  
 The bulk of this thesis is dedicated to exploring membrane-curvature related phenomena 
through molecular dynamics simulations. Through a variety of methods, we study the effect of 
both protein and lipid components on curved membrane stability, and then use curved 
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membrane systems to study the effect of curvature on structure, dynamics, and spatial self-
organization. 
The study of membrane curvature requires an understanding of the physics underlying 
curvature energetics. Section 1 of this introduction will introduce the key physical concepts that 
govern membrane curvature and shape, and Section 2 will provide an overview of previous work 
in the simulation field to study various aspects of membrane curvature. While this introduction 
is focused on the relevant physics and simulation techniques, relevant biological background 
will be provided in the introductions of Chapters 2, 3, and 4. 
1.1 The physics of membrane curvature 
At the mesoscale, it is most common to model a lipid bilayer as a planar continuum with finite 
thickness. This continuum can then undergo several modes of deformation with associated 
energetic states.  
1.1.1 Area expansion and contraction 
A flat bilayer with finite size can undergo expansion and/or contraction in the lateral plane of the 





      (1.1) 
where A is the area, Ao is the pre-stretch (equilibrated) area, and KA is the area expansion 
modulus. The extent of resistance of a bilayer to stretching or compression is then only 
dependent on KA. Expansion moduli of lipid bilayers can be probed by pipette aspiration of giant 
vesicles2 or by atomic force microscopy probing of flat bilayers.3 Measured KA values for a 
number of phosphatidylcholine (PC) lipids have been determined, with the observed values lying 
in a tight range about 240 mN/m.2 
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1.1.2 Edge effects in finite membranes 
Many lipid bilayer shapes form closed surfaces (such as spheres). However, one can also 
describe a bilayer patch that contains edges. These edges incur energy penalties, the 
magnitude of which can be described as 𝐸𝑒𝑑𝑔𝑒 = 𝛾 ∫ 𝑑𝑠, where γ is the edge tension and the 
integral term corresponds to the arc of the curved edge4. The energy of an unmatched bilayer 
edge is therefore directly proportional to the length of the exposed edge. The edge tension of 
bilayers can be explored experimentally by induction of pores in membranes5.  
The energetic contributions of edge effects have important consequences for bilayer 
morphology. The interplay of bending energetics and edge tension can dictate the equilibrium 
in the formation of shapes such as vesicles.4 The edge tension plays a role in the activity of 
membrane pores and yields a “critical” pore size beyond which a membrane will rupture6. Finally, 
the edge tension will influence the shape of a membrane patch will exposed edges. Given a 
specific lipid area, a circular shape minimizes the exposed edge and therefore the edge tension. 
A similar effect can be seen with phase separation in membranes. In a lipid bilayer with two 
distinct phases, the line tension determines the energy at the barrier between the separated 
phases. The energetic gain of phase separation must overcome this energetic penalty7. 
1.1.3 Bending energetics – the defining equation 
At any point along a surface, the total curvature is composed of two orthogonal principal 
curvatures, C1 and C2. Curvature is the inverse of radius of curvature, and thus has units of 
inverse length (figure 1.1). In 1973, Helfrich put forth an expression for membrane bending 




𝑘𝑐(𝐶1 + 𝐶2 − 𝐶𝑜)
2 + ?̅?𝐾      (1.2) 
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 where kc is the bending modulus, Co is the spontaneous curvature, ?̅? is the Gaussian curvature 
modulus, and K is the Gaussian curvature. Gaussian curvature is the product of the two principal 
curvatures. Kc, Co, and ?̅? are properties intrinsic to membranes, and are dependent on the lipid 





then do flat bilayers with non-cylindrical lipids not spontaneously curve? In a bilayer with 
monolayers of identical composition, the drive to form curved geometries in one leaflet is 
matched exactly by a drive to curve in the opposite direction from the other leaflet, making the 
net spontaneous curvature zero.  
1.1.4. The bending modulus 
The bending modulus effectively acts as a spring constant for curvature of bilayers, and so is 
important in calculating the energetics of any number of relevant morphologies in the cell. The 
bending modulus can be probed using several approaches, such as pipette aspiration 
experiments or shape fluctuations, though these approaches can lead to different observed 
values for the same system9. Most observed kc values for typical membranes are on the order 
of 10-19 J.9 
 The bending modulus is not only important for assessing the energetics of membrane 
conformations, but also plays a role in the dynamics of flat bilayers, which undergo undulations 
orthogonal to the lateral plane. In a tensionless membrane with area A, the amplitude (u) of an 
undulation with wavenumber q is governed by the following equation10 
< 𝑢2(𝑞) > =
𝑘𝑇
𝐴𝑘𝑐𝑞4
  (1.3)  
Indeed, the aforementioned shape excitation experiments take advantage of this relationship to 
calculate kc. 
1.1.5 Spontaneous curvature 
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The spontaneous curvature Co is an indicator of the preferred geometric environment of the 
membrane. Co, which has units of inverse length, can be interpreted as the inverse of the energy-
minimal radius of curvature. Deviations from this ideal curvature incur a quadratic energy penalty 
modulated by the bending modulus (equation 2). Spontaneous curvature can be determined for 
either a bilayer or monolayer. In the context of a monolayer, a positive Co indicates a preference 
for curvature with the head groups on the convex side of curvature, and vice versa for 
membranes with negative spontaneous curvature.  
 According to the amphiphile shape hypothesis, the preferred phase of a lipid is 
determined by the size of its hydrophilic head group relative to that of its acyl chains. This 




            (1.4) 
in which V is the volume occupied by the acyl chains, a is the head group area, and l is the 
length of the acyl chain. Lipids preferring the lamellar phase have S values around 1, while 
Hexagonal I(HI) and micellar phases are characterized by lipids having S < 1 (positive Co), and 
Hexagonal II (HII) lipids have S > 1 (negative Co). The driving force for this lipid phase behavior 
is lateral monolayer packing (figure 1.2). Lipids with S ~ 1 are roughly cylindrical in shape, and 
thus optimally pack side by side in a plane to form lamellar phases12. In contrast, conically 
shaped lipids pack optimally in a curved monolayer. HI prone lipids curve with their headgroups 
facing out (lining the convex surface of the curved phase); HII prone lipids curve with headgroups 
facing in (lining the concave face of the curved phase.  
 Non-lamellar lipids can still form lamellar bilayers in mixed systems. For instance, 
phosphatidylethanolamine (PE), a highly HII preferring lipid, can be made to form lamellar 
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phases in vitro in mixtures with phosphatidylcholine (PC), a lamellar lipid, with a PC 
concentration as low as 20%.  
1.1.6 The Gaussian curvature modulus 
The Gaussian curvature modulus ?̅? is less well studied than the other elastic constants. The 
energetic term arising from the constant is proportional to the product of principal curvatures at 
any point on a surface (termed the Gaussian curvature), rather than the sum. Thus, both the 
magnitude and sign of the Gaussian curvature are important for determining the Gaussian 
contribution to the bending energy. While the Helfrich Hamiltonian places no restriction on the 
sign or magnitude of ?̅? , it has been known for some time that the sign of ?̅? is negative,10 and 
Templer et. al13 have derived restrictions on the monolayer ?̅? in the range of [-kc, 0]. Therefore, 
one can safely say that a shape with positive Gaussian curvature has a stabilizing contribution 
proportional to the Gaussian curvature magnitude and ?̅?, and vice versa for shapes with negative 
Gaussian curvature. 
 It is instructive to look at the Gaussian curvature energy of different membrane shapes. 
For example, a simple cylindrical geometry (found in membrane tubules) only has nonzero 
curvature along one principal axis. Therefore, the Gaussian contribution is 0. On the other hand, 
a spherical vesicle has the same curvature in both principal axes for every point, both on the 
inner and outer leaflets. Therefore, the Gaussian curvature is positive at every point (regardless 
of if the mean curvature is negative), and the Gaussian contribution to the bending energy is 
stabilizing. Such differences may be important in cylinder vs spherical shape preference. 
 On the other hand, Gaussian curvature considerations do not play a role in the relative 
energetics of closed shapes (think vesicles of different sizes). The reason for this is explained 
with the Gauss-Bonnet theorem, which states that in a boundary-less system, the total Gaussian 
curvature is a topological invariant. This decoupling in closed shapes has made it difficult for 
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researchers to devise experimental setups to measurer ?̅?. Most estimates of ?̅? come from 
simulations of bicontinuous cubic lipid phases13–16 or phase-separated vesicle-like systems17,18. 
The observed magnitudes typically fall in the proscribed range described above, and kc and  ?̅? 
are typically found to have similar magnitudes1. Simulation methods that attempt to access  ?̅? 
are described in section 1.2.2. 
 While the Gaussian curvature modulus does not affect the formation of closed shapes, it 
plays a very important role in fusion and fission intermediates. These shapes can have both 
positive and negative Gaussian curvature, and the energies of these transient structures has 
been estimated (for ?̅? ~ -kc) to be on the order of 250 kbT1. Another relevant membrane shape 
displaying interesting curvature characteristics is a “neck” that couples curved regions such as 
tubules to flat boundaries. Stable examples of these shapes can be found in mitochondrial 
junctions.  
1.1.7 Monolayer vs bilayer considerations 
When one describes the elastic constants representing the deformation energetics of a 
membrane, it is important to distinguish between the monolayer and bilayer quantities, which 
can be described separately. For instance, a homogenous monolayer of a conical lipid such as 
phosphatidylethanolamine has a negative spontaneous curvature, and yet one can create stable 
flat bilayers of systems composed of 80% PE. Whereas the monolayer Co is negative, the bilayer 
Co is 0 through symmetry, if the individual monolayers have identical compositions. A nonzero 
bilayer spontaneous curvature can only arise from transverse asymmetry. The incorporation of 
non-bilayer lipids into flat bilayers induces internal stress, which can be observed in the local 
magnitudes of lateral stress profiles. 
1.1.8 The Lateral Pressure Profile 
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Membranes display marked heterogeneity normal to the bilayer plane, from the bilayer center 
out to the solvent. These different regions of the membrane vary strongly in hydrophobicity, 
solvent accessibility, and mechanical stress. This latter quantity is related to the considerations 
discussed above. The average pressure in a lateral “slice” of membrane can vary by several 
orders of magnitude compared to the average bulk pressure. For instance, a reasonable 
estimate for physiological pressures is 1 bar, but local pressures can exceed 1000 bar19 in 
simulations.  
 The lateral pressure profile (LPP) can be computed as the difference between lateral and 
normal pressures as one traverses normal to the membrane plane. For the purposes of 
discussion (and as a general convention), we say that the x and y dimensions are the planar 
dimensions of the bilayer, and the transverse lateral pressure profile traverses the z dimension. 
Given a stress tensor σ, at any point z, the lateral pressure 𝑃𝐿 =  −0.5 ∗ (𝜎𝑥𝑥 + 𝜎𝑦𝑦), and normal 
pressure 𝑃𝑁 = −𝜎𝑧𝑧 contribute to the LPP: 𝜋(𝑧) = 𝑃𝐿(𝑧) − 𝑃𝑁(𝑧). It should be noted that we use 
both “stress” and “pressure” in discussions of these profiles. Technically, stress and pressure 
are related by a factor of -1, explaining the negative terms in the calculation of PL and PN from 
the stress tensor. At any point along the LPP, a positive pressure indicates repulsive interactions 
and a desire to expand, while a negative pressure indicates a drive to condense. 
 A simple representative LPP is shown in figure 1.3. Most bilayer LPPs have a number of 
common features. Moving from the center of the bilayer, one encounters positive repulsive 
forces in the acyl chain region arising from steric clashes (point 1), which are enhanced by lipid 
tail insaturations19. At the boundary between hydrophilic and hydrophobic regions, a large 
negative peak (point 2) is observed, which is attributed to the interfacial tension arising from the 
hydrophobic effect. Finally, head group repulsion (point 3) contributes another positive peak, 
and the LPP should level out at 0 in the solvent regime. 
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 LPPs are quantitatively related to a number of physical properties of the membrane and 
its environment. One useful relation (particular for error checking in MD simulations) is that the 




. LPPs can also be related back to several elastic constants, as the integral of the first 
moment of the LPP corresponds to the product of the bending modulus and spontaneous 
curvature:  
𝑘𝑐𝑐𝑜 =  ∫ 𝑧 ∗  𝜋(𝑧)
∞
0
     (1.5) 
 
The second moment of the LPP is related to the Gaussian curvature modulus, with  
?̅? =  − ∫(𝑧 −  𝛿)2𝜋(𝑧)    (1.6) 
which unfortunately requires an estimate of 𝛿, the location of the neutral surface. In addition, the 
validity of results obtained using this relationship have been questioned4,20. 
LPPs are difficult to probe experimentally due to the limited resolution of biophysical 
experiments, and so most quantitative reports of LPPs come from simulations (see section 
1.2.2), though qualitative pressure readings can be performed using mechanosensitive 
fluorescent probes21. 
1.2 Molecular Dynamics simulations of membrane curvature 
1.2.1 Representative models 
One of the key limitations of MD simulations is spatial and temporal resolution. An enormous 
amount of effort in the field has gone into developing enhanced sampling techniques for proteins 
to accelerate their conformation sampling (see references 22 and 23 for reviews). Most of these 
techniques cannot be applied to pure membrane systems, as membrane properties are 
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emergent from the disordered dynamics of a large number of components (though they can be 
applied to proteins within membranes). With a few exceptions, membrane curvature typically 
occurs on the scale of tens of nanometers, which require significant time and computational 
resources to simulate. Nevertheless, a number of atomistic simulations have provided important 
insight into dynamics of curved morphologies (see sections 1.2.4 and onwards). In addition, 
important mesoscale properties can be inferred from simulations of smaller flat patches of 
bilayers whose dynamics converge on acceptable timescales (see section 1.2.2). However, to 
simulate larger systems and longer timescales, researchers typically must reduce the 
computational burden of simulations. For membrane systems, there are two (not mutually 
exclusive) commonly used ways to achieve simulation speedups – elimination of explicit solvent 
and coarse-graining. 
 Depending on the system dimensions, solvent tends to make up the majority of the 
particles. This is particularly problematic in curved membrane systems – the membrane 
component of a solvated vesicle might only be 5% of the system. Therefore, models that make 
solvent contributions implicit accelerate sampling by multiple orders of magnitude. A popular 
way to represent solvent implicitly is the Generalized Born method24, which represents water as 
a dielectric continuum. The interface of solvent and bilayer cannot fully be captured via 
continuum models, however. To bridge this gap, a mean field boundary approach has been 
suggested25, in which a small shell of solvent keeps vesicles solvated, and is maintained in the 
membrane vicinity by artificial potentials. Another proposed alternative is to treat the inside of a 
vesicle with explicit solvent, while treating extravesicular solvent implicitly26. 
 The second approach to accessing the timescales necessary to study curvature-related 
phenomena is the use of coarse-grained models. Coarse graining involves replacing atomistic 
details with more granular representations. A large number of approaches exist to coarse-
graining, but perhaps the most popular for membrane simulations is MARTINI27, created and 
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maintained by the groups of Tieleman and Marrink. In this model, groups of up to 4 heavy atoms 
are represented by single beads, with the goal of the coarse-graining being that each bead 
retains the chemical signature of the constituent atoms. It should be noted that the computational 
benefits of this type of coarse-graining are not just the reduction of particle counts. In addition, 
the coarsening out of fast degrees of freedom (mainly h-bond vibrations) allows for larger 
integration timesteps. A third consideration is that coarse-graining typically smoothens the 
energy landscape, increasing conformational sampling compared to atomistic simulations28. 
MARTINI does have several drawbacks. Long range electrostatics are ignored in the typical 
MARTINI setup28, and solvated ions are difficult to represent. Work has gone into extending 
MARTINI with a polarizable water model29–31, and future work by the Marrink group will attempt 
to address some coarse-graining related accuracy issues with a multi-resolution model in future 
iterations (http://cgmartini.nl/). 
 While the MARTINI model is the most popular CG forcefield for membrane simulations, 
a few other approaches should be noted. Voth and colleagues have developed CG protein and 
membrane forcefields that are designed to reproduce atomistic behavior by basing interaction 
functions on atomistic observables32. While this requires fine-tuning of parameters for any 
molecule one wants to simulate, it can avoid CG-related inaccuracies from naïve mapping of 
atoms into beads representing a chemical grouping. This model has been applied for 
membrane-protein simulations as well, exploring topics such as membrane sculpting by BAR 
domains33. 
 Another CG forcefield that has added value to the simulation field is the Cooke model, 
developed by Cooke and Deserno34. In this model, most lipids are represented simply as 3 
connected beads, with two “tail” beads and one “head” bead. The tails are generally attractive, 
mimicking the hydrophobic effect responsible for membrane assembly and stability. Importantly, 
the relative “size” of the head group compared to the tails can be modulated by changing the 
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radius of its repulsive potential. This allows observation of lipid-geometry related membrane 
phenomena such as membrane phase and shape pereferences35. Even further levels of coarse-
graining are possible (for instance, 1-bead lipid representations36), but one needs to more 
carefully consider the tradeoffs between simulation accessibility and accuracy. Indeed, at the 
most extreme level of coarse-graining one might prefer exploring problems using a continuum 
numerical model without particle dynamics. 
1.2.2 Obtaining elastic constants from simulation 
The elastic constants of membrane deformation also govern aspects of the structure and 
dynamics of flat membranes. Simulations have utilized these relationships in a number of ways 
to infer elastic parameters from computationally tractable simulations of flat bilayers. This 
section details some of the ways flat membrane simulations can contribute import results 
regarding curvature-related dynamics. 
The Bending modulus - The bending modulus importantly governs the extent of energetic 
penalty arising from curvature deformations. A large number of methodologies have been 
proposed to extract kc from simulations, most of them from flat atomistic systems. It should be 
noted that one difficulty in assessing the validity of these approaches is that strong variability 
exists in experimental measurements of kc37,38, depending on the technique used, and so it is 
difficult to obtain a “true” kc value to validate simulations against. 
 Most kc estimates from flat bilayers in essence analyze the spatial fluctuations of the 
bilayer using variations of the theory described in equation 1.339,40. Some of these models also 
tie in the role of lipid tilt and orientation in thermal fluctuations41,42. Refinements to these 
methodologies are continually being contributed43,44 and in some cases generalized for both 
lamellar and curved environments45. One can also explore undulations in a nonequilibrium 
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manner. Using an artificial restraint, one can force membranes to adopt specific amplitudes. The 
energy required to maintain those poses can be  used to calculate kc46,47. 
 Harmandaris and Deserno were the first to design a simulation methodology to extract 
elastic constants from curved membranes. By measuring the tensile force arising from 
simulations of cylinders of various radii, the bending modulus can be determined and compares 
favorably to experiments and other computational methods48. Sodt and Pastor extract the 
bending modulus of lipids from simulations of HII phases at varying hydration levels49. 
Compressibility – Similarly to the bending modulus, KA can be extracted from both equilibrium 
fluctuations or from deforming the bilayer. In an equilibrium simulation, KA is related to the lateral 




𝑘𝑏𝑇   (1.7) 
Where a and ao are the average and instantaneous bilayer areas. This approach has the 
advantage of only requiring a single simulation to obtain elastic parameters. A recent approach 
has estimated KA from equilibrium simulations by measuring bilayer thickness fluctuations, 
rather than area fluctuations51. This method has the advantage of being able to locally calculate 
quantities around proteins or in individual monolayers, important for asymmetric membranes. 
 KA can also be extracted from simulations with non-zero surface tension. By running 
simulations with several surface tensions50 and examining the resulting average areas, a linear 







∗      (1.8) 
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will yield KA, with surface tension γ and the area at zero surface tension A*o. It should be noted 
that alternatively the box size can be fixed at a number of total areas, and the resulting calculated 
surface tensions used for the above fit52. 
Intrinsic curvature – There are several ways to obtain Co estimates from simulations. The first 
of these is through the relationship between Co and the features of LPPs. Equation 1.5 
demonstrates that the integral of the first moment of the LPP corresponds to the product of 
bending modulus and spontaneous curvature, and so Co can be extracted with an estimate of 
kc53,54. Indeed, measurements of Co from this method are a popular way to validate new CG 
forcefields27,55. However, we have demonstrated that the obtained values are quite sensitive to 
quite minor changes in the profile shape (reference 56, reproduced in chapter 3), and so the 
results of this method should be interpreted with caution.  
 A second method to calculate Co in simulations is to mimic experimental measurements 
of hexagonal phases, by measuring at which curvature the phase is tensionless. In silico, this 
approach was first performed by Sodt and Pastor49, who found that the two computational 
methods for obtaining Co were comparable.  
Gaussian curvature modulus – ?̅? is a difficult quantity to measure both experimentally and 
computationally, due to the consequences of the Gauss-Bonnet theorem (see section 1.1.6). 
The relative lack of quantities to compare to means that the approaches we do have lack 
extensive validation. However, a number of approaches have been proposed to address 
measuring this challenging modulus. Perhaps the first computational approach comes from den 
Otter, who estimate  ?̅? from the free energy of pore formation57 in a flat membrane, though they 
caution that these are preliminary estimates and that the model used may ignore some important 
features of the pore. 
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 An ingenious method to estimate  ?̅? in silico was proposed by Hu, Briguglio and Deserno 
in 2012,4 and relies on the relative energetics of line tension and Gaussian curvature. This 
method starts a number of simulations of partial spheres, ranging from nearly fully spherical to 
nearly flat, and extracts  ?̅? based on the probability of the spheres closing during the simulation. 
The results of this method lie within the theoretical bounds of physically realistic ?̅? values20. 
Zelisko and colleagues point out some potential inaccuracies in this approach58, and suggest a 
different methodology measuring fluctuations of free edges, but this approach yields positive 
values of ?̅?, out of step with other measurements. 
 Simple continuum treatments of bilayers relate ?̅? to the second moment of the lateral 
pressure profile. Hu and colleagues have questioned the validity of this relationship20, as the 
values extracted from this approach are far from the expected range. Recently, Terzi and 
Deserno59 have uncovered an overlooked contribution to membrane energetics that relates lipid 
tilt to curvature dependent on ?̅?. The implications of this work are that many estimates of kc from 
fluctuation power spectra are contaminated by not incorporating this term, but also that perhaps 
?̅? can now be extracted from simple flat bilayer simulations as has been the case with KA and kc 
for some time. 
Lateral pressure profiles – LPPs have been a tempting target for MD simulations, as the 
resolution required for computing these profiles is beyond the limits of traditional biophysical 
experiments. LPPs have been calculated for a large number of both atomistic and CG 
systems19,60,61, and have been used in a number of applications from validating force fields27,60 
to examining effects of insaturation19 and lipid composition. Interestingly, lateral stress 
modulation has even been proposed as a mechanism of action for general anesthetics62. 
To obtain the stress tensor from which LPPs are computed, contributions of all forces in 
the system need to be accounted for. This leads to a few complications for MD systems. One of 
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these is the contribution of electrostatics. Long range charged forces are typically treated with 
the Particle-Mesh Ewald summation, which is not easily decomposed63. Typically, a long-range 
cutoff is employed in these calculations, which when sufficiently large leads to converged LPP 
shapes19,63. Moderate changes in these profiles, however, can affect observations of elastic 
constants from integrating moments of the LPP56 (see chapter 3). 
 Another interesting problem is the treatment of holonomic constraints. In a number of 
atomistic simulations, fast-vibrating bonds are treated with constraints such as the LINCs 
algorithm64, which cannot be directly mapped into the stress tensor as forces. Vanegas 
 and colleagues detail artifacts arising from improper treatment of the contributions of 
constraints19, which can lead to nonphysical variations in the normal component of the LPP. 
1.2.3 Curvature from flat membranes  
Separate from thermal undulations, one can study local induced curvature in simulations of flat 
membranes. Such local curvature can be found in pure membrane systems or arising from 
interactions with peripheral or embedded proteins. Koldsø and colleagues demonstrate 
correlation between nanoscale enrichment of the glycolipid GM3 and local concave membrane 
curvature65. It should be noted that the cause and effect relationship is not explored in this study; 
it is unclear whether GM3 migrates to transient curvatures induced by thermal fluctuations (and 
either stabilizes them or does not), or if transient GM3 clusters induce local curvature. 
 More drastic membrane curvatures have been observed arising from membrane-protein 
interactions. A popular topic of study is BAR domains, regions of peripheral proteins which have 
been shown experimentally to sculpt membrane shapes66. Blood and Voth67 observed bending 
of membranes to match the local concavity of the BAR domain, while Yu and Schulten probe 
more details of the importance of the BAR domain conformations, and explore larger-scale 
organization of membranes through multimeric BAR organization68. 
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 Embedded proteins also play an important role in membrane curvature. Proteins 
embedded in the membrane affect properties such as curvature, thickness, and lipid 
composition in their immediate vicinity69, while other proteins have more drastic and long-range 
effects on local membrane properties. In particular, simulations by Davies and coworkers 
demonstrate that ATP synthase dimers induce membrane curvature on the scale of 10s of 
nanometers70, and in this and a follow-up study71 show that formation of rows of ATP synthase 
dimers in mitochondria are driven by the energetics of these induced curvatures. The interaction 
of ATP synthase with membranes is explored more thoroughly in Chapter 5. 
1.2.4 Self-assembly 
Lipids are self-assembling by nature, driven by the hydrophobic effect. One can create a 
dispersion of lipids and (optionally, depending on the force field) solvent, and expect some 
superstructure to emerge. Often, the predominant structure is a bilayer72,73, and indeed before 
the advent of automated bilayer builders (see section 1.2.10), this was one approach to 
generating bilayers for the purposes of other studies. However, given a sufficiently large system 
size and (typically) a coarse-grained model, one can observe self-assembly of other phases and 
shapes. For example, Cooke and Deserno use a geometrically tunable model34 to examine the 
effect of head-group size on shape preference from dispersions35. A number of self-assembly 
simulations have been performed with the MARTINI forcefield, examining the structural results 
of components such as lysolipids74,75, PEGylated lipids76, externally applied electric fields77, and 
incorporation of fusion peptides78. 
1.2.5 Membrane buckles  
Buckles are a popular way to study curvature, and are useful both to extract mechanical 
properties from bilayers and also to provide a curved scaffold to observe membrane dynamics. 
Buckles can be generated by inducing anisotropic lateral pressure in one lateral dimension of a 
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bilayer while keeping the second lateral dimension fixed79, and allowing the transverse 
dimension to adjust to the buckle. Alternatively, one can emplace an excess of lipids in the lateral 
plane, from which buckles can arise if the lateral dimensions are fixed and the transverse 
dimension has sufficient space to accommodate a buckle80. 
 The first simulations of membrane buckles were performed by Stecki81 and followed 
closely by den Otter82, studying the shape and transitions of buckled bilayers. Noguchi83 then 
studied surface tension properties arising from buckled bilayers. From 2013 onward, Deserno 
and colleagues have made use of buckled membranes in a number of studies, using buckles to 
study gel phases84, and developing protocols to extract a number of mechanical properties from 
buckling simulations, including kc85, the lipid tilt modulus86, and the location of the pivotal plane87 
(see also Chapter 5).  
 More recently, buckles have been used to study effects of differential membrane 
compositions. Wu and Liang80 observed domain formation at the curved regions of buckles in 
CG simulations of cholesterol-containing bilayers, and partitioning of helical peptides. Boyd, 
Alder and May studied the effect of incorporation of cardiolipin on the buckling tendencies of 
membranes, and observed non-domain forming aggregation of cardiolipin to regions of negative 
curvature in buckled membranes56,79 (see also Chapters 2 and 3). The results of this work were 
replicated by Elías-Wolff and colleagues88, who further developed a framework for 
understanding the energetics of lipid partitioning in buckled bilayers89. 
 Recently a technique similar to membrane buckling has been proposed by Masone and 
colleagues, who formulate a collective variable for curvature that can be explored in an 
enhanced sampling context90. This allows one to closely tune the extent of curvature in a system, 
and to extract free energies of bending with e.g. different lipid or protein components. 
1.2.6 Vesicles and cylinders 
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Vesicles are ubiquitous within the cell, and thus are a popular subject of study in experimental 
and simulation setups. Computational restrictions have limited the size of vesicles that can be 
simulated to radii on the order of ~10 nm, roughly the same size as the smallest stable vesicles 
in experimental studies91. Self-assembly of vesicles has been observed in both atomistic92 and 
CG93 systems occurring on time scales on the order of 10 to 100 ns. Another studied process 
that can be observed on these timescales is vesicle fusion94,95. 
 Whether a vesicle is formed through spontaneous self-assembly or pre-formed through 
some tool (see section 1.2.10 and Chapter 5), once formed one can probe into the dynamics of 
the constituent lipids. For example, multiple studies have shown membrane thinning with tightly 
curved vesicles96,97. Studies of deformed vesicles are also useful – Markvoort and colleagues98 
observed interesting vesicle morphologies by tuning the spontaneous curvature of their 
constituent lipids. One can additionally impose deformations on vesicles and observe the 
response of the component lipids99. Proteins can also be incorporated into vesicles. Parton, et 
al. show differential aggregation tendencies of model peptides embedded into vesicles based 
on curvature mismatch100. 
 Another topic of interest is the transverse distribution of lipids in multicomponent systems. 
An equilibrium simulation is unable to probe these quantities, as transverse relaxation of lipids 
between monolayers occurs on scales beyond those that can be reasonably simulated. 
However, it is possible to induce pores in the vesicle that allow lipid head groups to traverse a 
hydrophobic milieu and accelerate transverse mixing25,97,101,102. Using these protocols, it has 
been demonstrated that phosphatidylethanolamine (PE) lipids prefer the negatively curved inner 
monolayer of vesicles compared to phosphatidylcholine (PC) lipids, as predicted by molecular 
geometry considerations97 and supported with experimental evidence103,104. An interesting 
finding of the same study was that di-unsaturated lipids have a preference for the outer leaflet, 
as their lipid tails can fold back inwards.  
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 Cylinders (or commonly tubules) are another commonly found structure in the cell. Fewer 
MD studies have been performed to observed lipid dynamics in cylinders. Vidal and colleagues 
used a similar pore-forming protocol to that described above to discern lipid partitioning between 
monolayers101. Other studies have used simulations of cylinders to observe bulk membrane 
properties. Harmandaris and Deserno48 used cylinders to extract kc (called tethers in their 
publication). Wang and Deserno then calculated the location of the monolayer pivotal plane from 
equilibrium number ratios of lipids in cylinders87. 
 Cylinder-like structures can also be created from drawing lipids out from a flat bilayer, 
mimicking experimental studies of pulling tubes from vesicles. In silico, this is accomplished 
through imposition of a geometrically restrained force. Several studies have utilized this 
technique to observe lipid partitioning between various curved regions of these tether shapes105–
107.  
1.2.7 Fission and fusion intermediates 
Membrane fusion and fission events in cells happen quite transiently and on small length scales, 
making them difficult to access experimentally. Thus, a number of simulation studies have 
attempted to study these processes. The prevailing model of membrane fusion is through a 
hemifusion intermediate108 stage. A number of studies have attempted to model these 
intermediated stages and extract free energies of the fusion transition.109–112, and some have 
modeled in fusion mediating proteins such as SNARES113. These studies also provide an 
opportunity to examine the effect of specific lipids in mediating the fusion process112,113, and 
measuring the aggregation tendencies of those same lipids in these systems114,115. 
1.2.8 Supported and sculpted membranes 
Experimentally lipid bilayers can be laid down on corrugated substrates, inducing controlled 
nanoscale curvature116–118, and these setups can be used to study e.g. lipid partitioning and 
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domain formation. de Jong and Heuer reproduce such a setup in CG simulations119. Beyond 
mimicking experimental conditions, a technique similar to this has potential applications for 
supporting membranes of arbitrary shapes. Yesylevskyy and coworkers designed curved 
membranes bracketed on either side by fixed “dummy particles”, which only interact with the 
hydrophobic core of the membrane120. In this setup, a stable curved membrane does not interact 
with the scaffolding, and repulsive interactions gently sculpt the membrane if it has a tendency 
to change shapes. This approach has been used to study the effect of curvature on uptake of 
cancer drugs121. 
 The potential applications of the dummy-particle approach can be generalized to 
sculpting any arbitrary membrane shape. This is important for simulating unstable shapes such 
as necks and junctions. In chapter 4 of this work, we extend the dummy particle protocol to 
calculate local instability of membrane shape by measuring forces on individual dummy 
particles. 
1.2.9 Nonbilayer phases 
Inverse hexagonal (HII) phases are important experimentally to determine lipid spontaneous 
curvature. Sodt and Pastor extracted Co from atomistic simulations, and interestingly provide a 
qualitative metric of the pivotal plane location49. Johner and colleagues use HII phases to 
demonstrate how elastic properties such as kc can change with the curvature environment.  
Cubic phases are more rarely studied (or found in nature), but can also be useful for 
extracting the Gaussian curvature modulus (see section 1.1.6). Marrink and Tieleman first 
simulated a lipid system of a diamond cubic phase122 and observed a cubic to hexagonal 
transition123. Bicontinuous cubic phases have been simulated in the presence of fusion 
peptides78, and in systems composed of ceramides124. 
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 A few other interesting lipid related structures should be mentioned. Detergent micelles 
are popular experimental tools, and thus have corresponding interest in the simulation field. The 
small size of detergent micelles (relative to e.g. vesicles) makes them amenable to atomistic 
simulations125–127. Similarly, bicelles offer the solubility of detergents with perhaps a more 
bilayer-like interior. Simulation studies of bicelles have explored their interactions with drug-
delivery materials128 and transitions between the bicelle and vesicular phases129.  
 Another relevant lipid structure is the lipid droplet, which in cells are used to store long-
term energy in the form of triglycerides130. These systems are typically composed of an outer 
monolayer of phospholipid, with an internal hydrophobic core of triglycerides. The structure and 
interfacial properties of lipid droplets have been explored in-depth by Vanni and 
colleagues131,132. 
1.2.10 Tools for building curved lipid systems 
The construction of lipid bilayer configurations for MD simulations is an interesting problem. The 
unstructured nature of the liquid phase of bilayers leads to nearly endless conformational 
heterogeneity in the acyl chain region. Starting structures must provide a reasonable 
representation of such a chaotic system, while avoiding clashing contacts between atoms that 
would lead to high energy configurations and numerically unstable simulations. The average 
area per lipid needs to be faithfully represented, and all of these considerations must be 
maintained for systems with strongly heterogeneous membrane components both within and 
between monolayers. 
 Luckily for the average researcher, great effort has gone into providing support for setting 
up membrane systems. Numerous tools exist for generation of starting configurations of simple 
and complex bilayers. Perhaps the most popular of these is the CHARMM-GUI server133, which 
provides membrane setups for the CHARMM forcefield134, the coarse-grained MARTINI 
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forcefield27 and its implicit-solvent variant26, and the PACE mixed-resolution forcefield135. 
Further support for the MARTINI forcefield comes from the simple insane python tool136. 
Numerous other web servers provide various levels of support for membrane configurations, 
including (but not limited to) MemBuilder137, MemGen138, and LipidBuilder139. 
 The tools listed above are (for the most part) focused on generating planar bilayers, for 
two reasons. First, simulations of curved membrane setups typically require significantly more 
computational resources – scaling a flat bilayer to larger sizes increases the atom count 
proportional to the area, whereas scaling a vesicle increases the system size cubically. Only 
recently have computational resources become powerful enough to allow researchers to access 
these larger spatial scales. Second, the setup of curved shapes poses several technical 
challenges not encountered with flat bilayers.  
The first of these challenges is the morphological heterogeneity of possible membrane 
shapes. In cells, membranes display a wide variety of morphologies (for examples, see Chapter 
5). It is a difficult problem to create a tool that can flexibly adapt to create an arbitrary number of 
morphologies. For this reason, a number of tools exist that can only generate the most common 
type of curved membrane, spherical vesicles. Tools that can accomplish this task include the 
CHARMM-GUI coarse-grained vesicle builder102, MemBuilder137, and PackMol140, the latter of 
which can build other simple shapes like cylinders. Only more recently has there been a drive 
to be able to create shapes with (nearly) arbitrary configurations, a task which both the python-
based tools LipidWrapper141 and BUMPy142 can accomplish. The second technical challenge in 
building these systems is the estimation of interleaflet area differences between leaflets of 
curved membranes. For example, the inner leaflet of a vesicle should have fewer lipids than the 
outer leaflet. As transverse relaxation of area mismatch through lipid flipflop is typically beyond 
the time-resolution of MD simulations, it is important to set up curved systems with correct lipid 
ratios. Only a few of these tools attempt to address this challenge. The CHARMM-GUI coarse-
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grained builder attempts to estimate areas using an empirical model, while BUMPy uses a 
pivotal-plane based area estimator (see chapter 5).  
Support is growing for generating starting configurations for nonbilayer lipid systems as 
well. The CHARMM-GUI server has supported construction of micelles since 2013143, as does 
(in a more limited capacity) MemBuilder137, and more recently this functionality is also provided 
by the Micelle Maker online tool144. Hexagonal phases can be created using the CHARMM-GUI 
server as well145. Work is ongoing in supporting other nontraditional systems such as bicelles, 
though to our knowledge, other interesting phases such as bicontinuous cubic systems have no 





















Figure 1.1 Curvature of a surface. The curvature of any point along a curve can be described 
by drawing a circle tangent to that point. The curvature of that point is then the inverse of the 
radius of that circle. 
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Figure 1.2. Intrinsic curvature and lipid packing. Head groups are represented in red. A) Single 
lipid and packing arrangement of a conical lipid with a negative Co. B) The same for a cylindrical 






















Figure 1.3. A sample lateral pressure profile. z=0 represents the center of the bilayer. Point 1 is 
the peak caused by tail insaturation. Point 2 is the negative interfacial tension. Point 3 is the 
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Abstract  
Mitochondrial metabolic function is affected by the morphology and protein organization of the 
mitochondrial inner membrane. Cardiolipin (CL) is a unique tetra-acyl lipid that is involved in the 
maintenance of the highly-curved shape of the mitochondrial inner membrane as well as spatial 
organization of the proteins necessary for respiration and oxidative phosphorylation. Cardiolipin 
has been suggested to self-organize into lipid domains due to its inverted conical molecular 
geometry, though the driving forces for this organization are not fully understood. In this work, 
we use coarse-grained (CG) molecular dynamics (MD) simulations to study the mechanical 
properties and lipid dynamics in heterogeneous bilayers both with and without CL, as a function 
of membrane curvature. We find that incorporation of CL increases bilayer deformability and 
that CL becomes highly enriched in regions of high negative curvature. We further show that 
another mitochondrial inverted conical lipid, phosphatidylethanolamine (PE), does not partition 
or increase the deformability of the membrane in a significant manner. Therefore, CL appears 








The mitochondrion is a double-membraned, energy generating organelle found in eukaryotes. 
The mitochondrial outer membrane provides an encompassing envelope with protein pores to 
control material flux into and out of the organelle. The inner membrane is the site of eukaryotic 
cellular respiration. It contains morphologically distinct domains: the flat inner boundary 
membrane which maintains close proximity to the outer membrane, and the highly curved cristae 
membrane which houses the oxidative phosphorylation machinery, as well as other protein 
complexes146,147. The inner boundary membrane and cristae membrane are contiguous 
membranes that are separated by highly curved tubular structures called cristae junctions.  The 
morphology of the inner membrane allows for localization of the proton-motive force-generating 
machinery in close proximity to the proton-motive force-utilizing ATP synthase, and alteration of 
inner membrane morphology has been shown to affect metabolic function148,149. Furthermore, 
the inner membrane can adjust its shape to account for ADP levels and oxidative stressors150–
152, effecting respiratory regulation through morphological changes. Thus, the mitochondrion 
must maintain inner membrane superstructure and protein organization within that 
superstructure, while being able to sense and respond to changing cellular conditions. Inner 
membrane morphology is maintained by several proteins, chief among them the MICOS 
complex, which maintains the cristae junction153–155, and ATP synthase in the cristae. ATP 
synthase forms rows of dimers along curved regions of the cristae, imposing positive curvature 
on the matrix-facing leaflet156–158.  Additional proteins affecting morphology include the apoptotic 
factor159 as well as mitofilin160. 
Cardiolipin (CL) is a lipid enriched in the inner membrane inner membrane that also plays a role 
in morphology maintenance. CL is composed of two phosphatidyl groups joined by a central 
glycerol (Fig. 2.1A). Recent experiments indicate that the two ionizable phosphates are both 
deprotonated at physiological pH161–164, imparting a head-group charge of -2, though other 
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studies have suggested circumstances in which CL would carry a -1 charge165–168. Under certain 
conditions the effective size of the CL head-group can be small relative to the volume occupied 
by its four acyl-chains. Lipids which have this molecular shape are referred to as having an 
inverted conical geometry, and these types of lipids will aggregate into inverse hexagonal (HII) 
phases. CL aids in assembly and stability of the respiratory complex169 and may affect inner 
membrane inner membrane morphology in two ways. First, CL-containing bilayers are prone to 
adopt highly curved and non-bilayer structures in the presence of high ionic salt concentrations 
(particularly calcium) or low pH170–177. A pair of studies have shown that cristae-like invaginations 
can be induced by directing a flow of protons at giant unilamellar vesicles containing CL, and 
that this effect is CL dependent178,179. Second, CL specifically binds or interacts with many 
mitochondrial proteins180,181, and the partitioning of CL to regions of the inner membrane may 
influence the spatial organization of the proteins. This influence has been demonstrated by 
depletion of native CL by mutation of cardiolipin synthase or the CL-remodeling protein tafazzin 
in drosophila cells, which leads to disruption of the network of ATP synthase dimer rows and 
aberrant inner membrane superstructures182,183. 
CL-dependent protein organization implies that CL can self-organize in an otherwise 
homogenously distributed bilayer. CL-enriched domains have been observed in bacterial cell 
membranes via specific staining with the fluorescent dye Nonyl Acridine Orange (NAO)184–186. 
These domains occur at the poles and fission sites of rod-like bacteria. The proposed 
mechanism of CL enrichment is lipid geometry-mediated: CL’s inverted conical shape minimizes 
curvature frustration in negatively curved regions of bilayers.  
Curvature-driven partitioning has been explored in recent years for pure lipid systems35,117,187–
189 as well as membrane embedded proteins80,100,190, though CL has yet to be examined in this 
context. Molecular Dynamics (MD) simulations have been used in several of the curvature-
based partitioning studies and provide a powerful means to examine the molecular 
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underpinnings of macromolecular behavior. Previous MD studies involving CL containing 
bilayers have been performed at both all-atom and coarse-grained modeling levels. One such 
study involved examination of how the number of acyl chains affects the phase behavior of 
homogenous CL systems74. Many other studies have examined the equilibrium structural 
properties of cardiolipin-containing bilayers in low curvature/flat geometries191–195. No large-
scale organization of CL has been demonstrated in these studies, although Dahlberg and 
Maliniak have shown very localized head-group clustering in their work on coarse-grained CL-
containing bilayers194. In this work we have extended our understanding of CL-containing 
bilayers through coarse-grained (CG) MD simulations of highly curved systems. We assess the 
curvature-dependent mechanical properties and enrichment dynamics of CL in these highly 
curved (buckled) heterogeneous bilayers and demonstrate that CL has unique properties in its 
ability to promote curved phases and to laterally segregate to regions of high negative curvature. 
These observations are enabled by a curvature mapping analysis, where we show CL has a 
much stronger curvature-based segregation propensity than another inverted conical lipid, 
phosphatidylethanolamine, PE. 
Methods 
Simulations were performed using the coarse-grained MARTINI 2.2 force-field with 
nonpolarizable water27 and implemented using the GROMACS 5 software package196. A 
timestep of 30 fs was found to be stable and used for all simulations. According to convention, 
reported simulation times are scaled by a factor of 4 to approximate experimental diffusion 
rates27. Non-bonded interactions were calculated following the suggested parameters by de 
Jong and coworkers28, where the Lennard-Jones interactions are shifted to zero at the cutoff 
distance of 1.1 nm using the potential-shift-Verlet modifier. Electrostatics were calculated with a 
relative dielectric constant of r=15 and the potential and forces were shifted to zero at the cutoff 
of 1.1 nm using the reaction field method. Temperature was maintained at 303 K using the v-
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rescale algorithm with a time constant of 1 ps. Solvent and lipids were coupled separately. 
Partitioning behavior of select bilayers was also assessed at 280K, 320K and 350K (see Fig. 
2.S1). 
Anisotropic pressure coupling was maintained using the Parrinello-Rahman method197,198 with 
a time constant of 12 ps. In each system, pressure coupling was turned off in the short lateral 
dimension (X), fixing the box size in that dimension. To generate the initial buckled membranes, 
pressure in the membrane normal dimension (Z) was maintained at 1 bar, while pressure in the 
long lateral dimension (Y) was incrementally increased starting from 1 bar. In other simulations, 
frames were extracted from along the buckling trajectory and simulated in the NVT ensemble, 
to perform simulations at constant compressional strain (γ), which is a proxy for constant 
curvature simulations.  
All simulations were carried out on the local UCONN high performance computing cluster 
(hornet). Simulations were run on compute nodes containing 24 Intel Haswell CPUs. Typical 
simulations would utilize 96 cores per job and would run at a rate of approximately 52 μs/day. 
Nodes in the cluster are connected with a high-speed, low-latency FDR infiniband network. 
System Setups  
All bilayer systems were generated using the CHARMM-GUI Martini Maker102. The system 
dimensions were 10 nm by 30 nm in the X and Y directions (bilayer plane), respectively, and 30 
nm in the Z direction (bilayer normal). To mimic mitochondrial membrane composition bilayers 
were composed of 40% palmitoyl-oleoyl-phosphatidylcholine (POPC), 40% palmitoyl-oleoyl-
phosphatidylethanolamine (POPE), and 20% tetraoleoyl cardiolipin (CL) to represent the IM or 
50% POPC and 50% POPE with no CL to represent the outer membrane (OM). The effect of 
net head group charge on CL was investigated by performing simulations both when the head-
group was singly deprotonated (-1 charge, CL-1) or doubly deprotonated (-2, CL-2). In the CL-1 
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model the head group charge was asymmetrically distributed on the phosphate beads, such that 
one phosphate carried a -1 charge and the other phosphate was neutral. In additional bilayer 
simulations, the concentration of POPC was increased to 80% and the remaining fraction was 
composed of either POPE (PC/PE (4:1)) or CL-1 (PC/CL (4:1)). A full list of the bilayer systems 
studied including the compositions and total lipid count can be found in Table 2.1; all 
percentages indicate the mol %. Sodium ions were added to neutralize system charge. All 
systems were energy minimized and equilibrated as suggested by CHARMM-GUI, which 
involved energy minimization followed by 5 rounds of restrained MD in which restraints on lipid 
head group beads were successively lowered and the time step was incrementally increased 
starting from 2 femtoseconds. 
Table 2.1. Lipid Composition of Simulated Bilayers 
System Name % PC % PE % CL-1 %CL-2 
# of  
Lipids 
PC/PE (1:1) 50 50 0 0 948 
PC/PE (4:1) 80 20 0 0 930 
PC/CL (4:1) 80 0 20 0 750 
IM-1 40 40 20 0 810 
IM-2 40 40 0 20 810 
 
Data Analysis 
Simulations were analyzed using GROMACS Tools and custom scripts written in MATLAB 2016. 







 in which Ly,0 is the original box length in the dimension of compression (Y) and Ly,i is the current 
box length85. Monolayer curvatures were calculated by extracting the lipid head-group 
coordinates from individual leaflets in the Y (buckling) and Z (normal) directions. The monolayer 
Y-Z coordinates were fit by a series of cubic smoothing spline functions (see Fig. 2.S2). First 
and second spatial derivatives along the curve were calculated from the spline-fits and the 







 where f’ and f’’ are the first and second derivative of the monolayer height function with respect 
to the Y-dimension, respectively; C has units of inverse distance. The sign of curvature for the 
top leaflet was inverted to match the convention of curvature sign for a lipid monolayer. This 
approach allowed us to characterize lipid concentration with respect to curvature, since we can 
readily assign a local curvature to each lipid, based upon the head group position.  These head-
groups were then binned according to curvature and relative concentrations at each curvature 
were calculated.  
Ion binding calculations were performed using the gmx mindist tool in GROMACS, with the 
default cutoff value of 0.6 nm. Molecular packing was examined by considering several 
geometric properties of PE and CL lipids in non-buckled states. The tail splay and the tail 
extension were measured by calculating the distance in the lateral (xy) plane (splay) or normal 
(z) direction (extension) between a reference bead in the head group and the terminal bead of 
the lipid chains. The phosphate bead was chosen as a reference for PE, and the central glycerol 
bead was chosen for CL. The area/head group was also computed by taking the simulation box 
dimensions and dividing by half the total number of head groups. CL was considered as having 




To investigate the curvature dependent properties of cardiolipin containing bilayers, we initially 
laterally compressed bilayers to generate buckled morphologies (Fig. 2.1B). This was done to 
accomplish two goals: first to characterize the effect of CL on buckling propensity, and second 
to develop a system to study the dynamics of mitochondrial lipids in a curved environment. Table 
2.1 describes the bilayer composition for each simulation. We focus first on bilayers mimicking 
mitochondrial compositions, PC/PE (1:1) is an equimolar binary system of PC and PE without 
CL and serves as an OM approximation, while our IM systems (inner membrane) refer to ternary 
systems containing 20% CL carrying either a -1 (IM-1) or -2 (IM-2) charge. We also examine two 
other binary systems (PC/PE (4:1), PC/CL (4:1)), which have a dominant composition of PC and 
a minor component of either CL-1 or PE, to evaluate differences between the inverted conical 
lipids PE and CL in the same background lipid environment. A CG representation of CL is shown 
in Fig. 2.1A, and a schematic of the buckling procedure is presented in Fig. 2.1B.  
Effect of bilayer composition on buckling transition 
Bilayer buckling was induced by applying pressure along the long axis (Y) in the plane of the 
bilayer, while fixing the box size in the short dimension (X). Pressure in the bilayer normal 
direction (Z) was maintained at 1 bar while lateral pressure was initiated at 1 bar and increased 
in increments of 1 bar every 12 μs.  In each simulation, lateral compression yielded a single 
buckle in the simulation box along the axis of compression (Fig. 2.1B) All simulations reached a 
maximum compressional strain of roughly γ ≈ 0.6 (Fig. 2.2) and displayed geometrically similar 
buckles. Once buckling occurred, application of greater lateral pressure did not result in further 
compressional strain. With pressure increments of 1 bar, transitions from flat to buckled states 
occurred rapidly at critical pressure differences (Fig. 2.2B) and did not sample stable 
intermediate states between flat and strongly buckled states. Notably, CL-containing bilayers 
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required lower pressures to induce buckling. The IM-1 bilayer buckled at 4 bars of applied 
pressure, the IM-2 bilayer at 5 bars, while PC/PE (1:1) bilayer a required a 6 bar Y-pressure to 
buckle.  
Molecular geometry theory predicts that the introduction of inverted conical lipids, like CL, 
leads to destabilization of bilayer integrity and a preference for curved environments. The 
destabilization energy is attributed to a curvature frustration, which is caused by a mismatch 
between the spontaneous curvature of a given lipid species and the actual monolayer curvature. 
The difference in behavior between charged CL variants can be explained in terms of head-
group electrostatics: charge repulsion at the level of the head group is increased in CL-2, 
increasing effective head group area and imparting a more cylindrical lipid geometry, decreasing 
the curvature frustration. Our findings are in agreement with the experimental work of Nichols-
Smith199, et al, who suggested that CL-containing bilayers have a propensity to create folds, and 
the computational work of Dahlberg and Maliniak194, who showed that introduction of CL to PC 
and PE bilayers decreases the bending modulus, with CL-1 having a greater effect than CL-2.  
Stability Modulation of Intermediate Curvatures 
We next focused simulations near the buckling transition pressure difference to observe if the 
system displayed the ability to maintain intermediate curvature states or if the system undergoes 
an abrupt buckling deformation once a critical pressure difference has been exceeded. For each 
bilayer, we repeated the previous compression procedure though now using a finer pressure 
increment and longer simulation times to ensure intermediate states were not artifacts of 
insufficient sampling times. The pressure was increased in increments of 0.1 bar, along the 
previously discovered buckling ranges (3.1 to 3.9 bar, 4.1 to 4.9 bar, and 5.1 to 5.9 bars for IM-
1, IM-2, and PC/PE (1:1) respectively). Each simulation at a given pressure was run for 36 μs, 
resulting in 324 μs of sampling for each system. IM-1 and IM-2 bilayers displayed plastic behavior 
40 
 
in response to 0.1 bar pressure increases (Fig. 2.3A-B), indicating these systems could be stable 
in intermediate curvature states in a precise pressure range. These intermediate states display 
greater curvature fluctuations compared to the stable flat or buckled states.  For example, in the 
IM-1 bilayer system, the average standard deviation of γ (σγ) at pressures between 3.1 and 3.6 
bars (calculated for each pressure, then averaged) was 0.064, whereas the stable unbuckled (3 
bar) and fully buckled (4 bar) states displayed σγ values of 0.028 and 0.020, respectively.  
In contrast to the malleable CL-containing bilayers, the PC/PE (1:1) bilayer did not show 
any tendency to sample intermediate curvatures and displayed a two-state characteristic (Fig. 
2.3C). For the PC/PE (1:1) system, as the buckling transition point is approached the bilayer 
remains relatively flat, exhibiting γ < 0.2 between 5.1 and 5.3 bar. The simulation at 5.4 bar 
appears to be at (or very near) the critical buckling pressure, as the system jumps to the buckled 
state (γ≈ 0.6) and then returns to flat state within the same simulation. Stable buckled 
configurations were observed for pressures of 5.5 bar and above.  
While a reduced bending modulus in CL-containing bilayers suggests they are more 
pliable than CL-lacking bilayers194, one might still expect a CL-lacking bilayer to sample 
intermediately curved morphologies.  Instead, in our systems only the IM-1 and IM-2 bilayers can 
tune the extent of curvature in response to pressure, whereas the PC/PE (1:1) bilayer samples 
only two states. One possibility is that a larger system size may allow for CL-lacking bilayers to 
bend more moderately in response to applied pressures, but we note that our compression 
dimension (30 nm) is roughly equivalent to the diameter of cristae tubules200, so our simulations 
approximate the relevant biological system size magnitudes. These results indicate that CL not 
only enhances the ability of the mitochondrial IM to assume curvature that is consistent with 
cristae geometry, but also that CL allows bilayers to respond to more moderate physical stimuli, 
including the presence of curvature-inducing proteins. We note that while a lateral applied 
pressure difference may not have a consistent physiological counterpart, it has been shown that 
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exposure of retinal ganglion cells to elevated hydrostatic pressures leads to morphological 
changes in the mitochondrial which may be related to optic nerve impairment in glaucoma 
patients201. Our observed curvature tuning capabilities of CL-containing bilayers may have 
significant implications for understanding the importance of CL in generating and maintaining 
curved morphologies in the mitochondria. 
Curvature based lipid partitioning 
We next examined lipid dynamics and clustering in the context of curved bilayers. To enforce a 
constant curvature environment for bilayers of different compositions, we extracted system 
configurations along the buckling transition corresponding to specific γ values. We then initiated 
new simulations in which we fix the box size (NVT) to control the extent of buckling, example 
configurations at various γ-values are shown in Fig. 2.4A. In these fixed γ simulations we were 
able to assign a curvature to each head group position, from derivatives of the spline fit function 
(eq. 2) for each monolayer. This curvature mapping approach is illustrated in Fig. 2.4B and Fig. 
2.S2. The distribution of head-group curvatures is dependent on the degree of buckling, but is 
generally characterized by a large peak at moderate positive curvature and a broad shoulder 
extending into the negative curvature regions (Fig. 2.5A). Asymmetry between positive and 
negative curvatures is a consequence of bilayer shape: every invagination with negative 
curvature has a corresponding patch of positive curvature in the opposite leaflet with a larger 
radius of curvature.  
The lipid probability distributions for the IM-1 system at γ=0.3 are shown in Fig. 2.5A, where each 
distribution is normalized. This analysis allowed us to observe that CL-1 is enriched in the 
negative curvature regions and is suppressed in the positive regions (red curve), whereas PC 
has the opposite features of accumulating in positive curvatures and reducing in negative 
curvatures (green curve). Interestingly, PE does not show any curvature dependence as the PE 
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distribution (blue curve) matches that of the entire bilayer (black curve). To normalize for the 
asymmetric distribution of head-group curvatures, we performed an additional analysis by 
calculating the relative fractional lipid concentration at different curvatures. Fig. 2.5B presents 
the relative lipid fractions with respect to curvature for the IM-1 bilayer at γ = 0.3. Consistent with 
our visual inspections and the probability distributions (Fig. 2.5A), this analysis again illustrates 
that CL-1 migrates to regions of negative curvature and depletes within positive curvature 
regions. PC shows an opposing trend, enriching at positive curvature and decreasing at negative 
curvature. This analysis also shows PE is effectively insensitive to curvature variation in this 
system, showing only slight depletion at the highest negative curvatures. The IM-2 bilayer 
showed similar partitioning behavior to IM-1 (Fig. 2.6, S3-S4), although the effect was less 
dramatic, especially at high γ values. An interesting feature of the lipid fraction analysis is that 
at zero curvature, we recover the bulk lipid factions for all species. The lipid fractions versus 
curvatures for all systems described in Table 2.1 for γ values ranging from 0.05 to 0.45 are 
presented in Fig. 2.S3-S7. 
We next addressed the degree to which CL self-associated (to form pure CL 
nanodomains) within regions of negative curvature. To analyze this, we subdivided the IM-1 
system at γ=0.3 into 10 regions based upon monolayer curvature. In each of these regions we 
computed the bulk fraction of CL, and also computed a local fraction of CL around each CL 
molecule. The local fractions were determined by considering the six nearest neighbors around 
each CL. At all curvatures, the local CL fraction matches the bulk fraction, and therefore CL is 
well-mixed and does not form self-associating clusters, Fig. 2.5C. 
Another analysis we performed was to track the lipid composition in regions of different 
curvatures as a function of compressional strain (γ). To reduce the dimensionality, we 
characterize membrane sections as negatively curved (C < -0.05 nm-1), neutral (-0.05 nm-1 ≤ C 
≤ 0.05 nm-1) or positively curved (C > 0.05 nm-1).  This coarse partitioning results in similar 
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sampling statistics for the three curvature regions, due to the non-linearity in the curvature-
probability curve (Fig. 2.5A). Accumulation of CL at negative curvatures was apparent at 
membrane strains as low as γ=0.05 (Fig. 2.7C) which has a mean unsigned curvature of 0.07 
nm-1. Increasing γ enhanced lipid segregation at both positive and negative curvatures for both 
PC (Fig. 2.7A) and CL-1 (Fig. 2.7C) lipids. PE concentration was consistently unaffected by γ for 
IM-1 (Fig. 2.7B) and IM-2 (Fig. 2.S8). The flat segments of every bilayer had fractional 
compositions equivalent to the bulk bilayer concentrations, a trend that was also independent of 
γ. The lipid fractions as a function of compressional strain for all other systems described in 
Table 2.1 are presented in Fig. 2.S8-S11.  
The differential partitioning behavior of CL and PE cannot be explained simply by molecular 
geometry or a propensity for formation of inverted hexagonal phases (HII). PE is a highly 
inverted conical lipid with a more negative spontaneous curvature than CL202 and CG 
simulations have predicted similar bending moduli for pure PE and CL-2 bilayers194. An 
explanation for the lack of PE accumulation in negatively curved regions could be that PE is 
outcompeted for negative curvature positions by CL. To investigate if PE does have a propensity 
for negatively curved regions, we examined curvature partitioning in binary systems at γ=0.30. 
We simulated binary lipid bilayers containing compositions of 80/20 PC/CL-1 and 80/20 PC/PE, 
to compare PE and CL-1 partitioning behavior in a background of PC lipids. As in the ternary 
bilayer systems, CL was found to be highly enriched within high negative curvature regions (Fig. 
2.8). In the absence of CL, PE showed a slight propensity for negative curvature, but even at 
the most negative curvatures the enrichment was modest, increasing to a lipid fraction of 0.3 in 
a system with an overall 0.2 PE fraction. Stated another way, in the highest negative curvature 
regions PE shows a 50% increase in concentration, while the CL-1 concentration increases by 
150% over the bulk fraction. Our results regarding PE clustering is relatively consistent with a 
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previous studying examining DPPC/DOPE in a hemi-fusion system by CG-MD.  In that work 
80% enrichment of DOPE was observed in the most negatively curved regions115. 
Charge Effects 
An interesting and perhaps unexpected finding is that CL-1 and CL-2 show similar partitioning 
behavior (see Fig. 2.S3-S4), despite an expected difference in charge repulsion between head 
groups and resultant change in molecular geometry. A possible explanation for the lack of 
significant difference between CL-1 and CL-2 is that sodium ions have stronger binding to the IM-
2 bilayer than the IM-1 bilayer, and provide more screening of the head group charges. We have 
examined the ion binding for γ=0.30 and observe the number of bound ions to IM-2 is more than 
double that of IM-1, and the surface charge density of the two systems are comparable. IM-1 has 
100 +/- 5.2 bound counterions and a surface charge density of -0.11 e/nm2, while IM-2 has 225 
+/- 7.4 bound counterions and a surface charge density of -0.17 e/nm2). In the absence of 
counterions the surface charge density for the two systems would be approximately -0.27 e/nm2 
for IM-1 and -0.54 e/nm2 for IM-2.  
 Discussion 
The motivations for conducting this study are numerous. The determination of mechanical 
properties of bilayers from molecular simulations have been a field of intense investigation for 
many years4,45,203,204, including approaches which induce buckling to determine these 
properties83,85,86. Understanding these properties in multicomponent systems, and particularly 
how concentration gradients may couple to curvature variations remains an area of open inquiry. 
In our approach, we are able to correlate curvature and concentration fields, which may provide 




Beyond the interesting and complex questions which arise in purely physical lipid bilayer 
systems, curved membrane environments can be used to model a number of biologically and 
physiologically relevant conditions as well. In this work, we have analyzed the effect of CL on 
bilayer buckling tendencies separately from partitioning behavior of CL in curved bilayers. 
However, the in-organello implications of these effects may be synergistic. A feedback-loop 
maybe at play, where CL partitioning can stabilize negative curvatures, which in turn may recruit 
more CL, which further stabilizes or increases the degree of curvature. Additionally the role of 
curvature mediating proteins, such as ATP synthase dimers, likely contributes to this effect as 
well70,157. ATP synthase dimers organization in mitochondrial is affected by depletion of CL183, 
which may indicate its role to can nucleate regions of high curvature, which promotes 
accumulation of CL, which facilitates further induction of curvature and more recruitment of ATP 
synthase dimers. The accumulation of these curvature inducing proteins may relate to our 
simulations as a physical analog to the pressure differential used to generate curved bilayers in-
silico.    
Of particular interest is understanding mitochondrial morphology and how aberrant cristae 
morphology and protein organization may be the result of lipidic modifications183. Other 
circumstances found in healthy mitochondria can also be examined in curved bilayers. For 
example, the transverse distribution of inner membrane CL has been shown to be asymmetric, 
with significantly more CL in the matrix-facing leaflet than the IMS-facing leaflet205. The impact 
of this asymmetry in both buckling propensity and partitioning ability is well suited for the current 
approach and will be an avenue of future study. Another unique characteristic of the inner 
membrane is its extremely high protein density, and while some work has been done on the 
effect of dense protein concentrations on lipid diffusion in flat bilayers206, we can extend these 
studies into curvature environments which more closely mimic the inner membrane. 
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Further work will be required to understand what are the driving forces, beyond molecular 
geometry/curvature matching, to induce lipid partitioning. As illustrated in our comparisons 
between PE and CL lipids it is clear that equilibrium molecular packing geometry alone cannot 
predict the portioning properties. However, it is possible that when the bilayers are under an 
applied stress (non-zero surface tension), the lipid components could have a differential 
response to the applied stress. We have examined three molecular properties of PE and CL-1, 
in the background of 80% PC lipids. We calculated the lipid tail splay, tail extension and mean 
head group area, as a function of increasing applied lateral pressure (Fig. 2.S12). We only 
considered simulations in which the bilayer has not buckled. We find that CL-1 shows a greater 
response to applied pressure in that it both increases the tail splay and has a more dramatic 
reduction in head group area compared to the PE system. Taken together this could imply that 
CL-1 is adopting a more inverted conical (negative curvature preferring) geometry. This could 
relate to a more negative spontaneous curvature, which in the Helfrich theory8 of membrane 
bending contributes quadratically toward the total bending energy, whereas the bending 
modulus only has a linear relationship with the bending energy. 
In general, the extent of lipid partitioning arises from opposing forces of the energetic benefit of 
curvature matching and the demixing entropic cost. A theoretical model suggests these 
contributions are of the same order of magnitude207. Huang and colleagues proposed that the 
energetic bonus of curvature matching for a single lipid at physiological curvatures is on the 
order of 1% of kBT, indicating that curvature preference alone is insufficient for significant 
partitioning at the cellular scale208. Instead, clustering of self-interactive lipids is a prerequisite 
for significant curvature sensing, and that the aggregate cluster is then targeted to curved 
regions, as partitioning larger membrane components comes at a reduced entropic cost. For 
CL, short-range attractive forces (mediated by positive counterions) would be counterbalanced 
by long-range repulsive electrostatics, dictating cluster size. This view is supported by the 
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observation that CL-localization to bacterial cell poles has a minimum concentration 
threshold186. 
Our simulations however show CL accumulation at negative curvature even without nanodomain 
formation (Fig. 2.5C). The physical basis for this partitioning in the absence of thermodynamic 
benefits from clustering, as well as the differential behavior of PE and CL are not yet understood 
and will require further analysis. However, we can speculate on a few factors that may be driving 
this partition effect. As suggested by Huang, partitioning a larger species comes at less entropic 
cost, and therefore the intrinsic larger size of CL relative to PE could play a role in the differential 
portioning characteristics. If we imagine there are a given number of sites available in the highly 
curved regions and CL would occupy two of these sites while PE would only occupy one. The 
configurational entropy can be idealized as a product of the curved region multiplicity and the 
flat region multiplicity.  By requiring fewer, larger CL lipids in the curved region to achieve a given 
lipid fraction (above the bulk lipid fraction), allows for a greater number of CL to be available to 
the flat region. Having a greater number of the minor component lipid in the larger flat region 
would have a multiplicative (entropic) benefit.  
A final consideration is that we are generating curved phases which have zero Gaussian 
curvature (the product of the principal curvatures). Cristae morphology is highly varied, but our 
model approximates common cristae shapes having zero Gaussian curvature, such as tubular 
cristae and lamellar cristae with curved ridges. Membrane shapes exhibiting significant 
Gaussian curvature are possible in regions of the inner membrane, such as where tubular cristae 
junctions merge the cristae to the flat inner boundary membrane. A possible driving force for our 
observed partitioning behavior is that CL has a preference for zero Gaussian curvature, possibly 
due to an asymmetric molecular geometry whereas PE may have a stronger preference non-
zero Gaussian curvature phases, such as the inner leaflet of highly curved vesicles. Such a 
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preference could then impact membrane constituent organization between morphologically 
distinct domains with similar magnitudes of principal curvatures.  
Conclusions 
In this work we have examined the curvature-based partitioning of lipids, including cardiolipin, 
in mixed bilayer systems. From these studies, we have been able to draw several conclusions: 
(i)The presence of CL reduces the pressure difference required to generate buckled 
bilayers. 
(ii) CL containing bilayers can sample a range of curvature states near the buckling 
transition pressure difference. This stands in contrast to PC/PE systems, which behave 
in a two-state fashion, adopting only flat or highly buckled states. This result is suggestive 
that the presence of CL creates bilayers that are more “tunable”, possibly in response to 
curvature inducing proteins, and can sample a greater range of morphologies. 
(iii) CL accumulates in regions of negative curvature, while PE (which is also an inverted 
conical lipid), displays a much weaker propensity to aggregate in regions of negative 
curvature. 
Understanding why CL has these unique properties may provide key insights into understanding 
mitochondrial organization and why disease states characterized by altered concentrations of 
CL and its variants led to aberrant mitochondrial morphologies.  
 
Supporting Information 
The supporting material contains additional figures (2.S1-S11), describing the temperature 
dependence of CL partitioning, the spline fitting to lipid head groups, the lipid fractions as a 
49 
 



















Figure 2.1. Coarse-grained representation of mitochondrial-mimicking membranes. A) MARTINI 
representation of CL; blue=central glycerol, red=phosphate, pink=glycerol, cyan=acyl chains. 
Beads are not drawn to scale B) Side view of the transition from flat to buckled bilayer. Colored 
beads are the lipids in the main simulation cell, while the grey beads represent lipids in the 







Figure 2.2. Pressure induced buckling of mitochondrial membrane mimetic bilayers. A) The 
compressional strain ( ) is plotted against the Y-dimension pressure. Each data point 
represents an averaging of the final 6 s of a 12 s simulation. (B) Time course of a buckling 
event for IM-1 system, which undergoes a buckling transition at the threshold lateral pressure of 
Py = 4 bar. (C) Snapshot of fully buckled state for IM-1. Head group beads are colored according 
to: blue=PE phosphate, red=CL-1 central glycerol, green=PC phosphate, blue box represents 






Figure 2.3. Compressional strain ( ) vs. lateral pressure near the buckling transition point. The 
IM-1 (A), IM-2 (B), and PC/PE (1:1) (C) systems were evaluated by running 36 s simulations at 





















Figure 2.4. Buckling and curvature mapping. A) Depiction of bilayers as a function of induced 
strain (γ). B) Snapshot of the mapping of bilayer curvature onto the lipid head group positions 















Figure 2.5. Curvature characterization in buckled bilayers, all data are shown for the IM-1 system 
at =0.3. A) Probability distributions of curvatures. Each distribution is normalized by the amount 
of each lipid type, such that the sum of probabilities for all curves equals one. B) Lipid fractions 
as a function of curvature for the same system shown in panel A, the dashed line represents the 
bulk fraction of PC and PE (40%), and the dotted line represents the bulk fraction of CL-1 (20%). 
C) Clustering analysis for CL-1. The system was subdivided based upon curvature, and the bulk 
fraction of CL-1 is compared with the percentage of CL nearest neighbors around each CL 
molecule. The solid line represents the well-mixed case (no clustering), where the local 







Figure 2.6. Curvature based lipid partitioning comparison between ternary systems containing 
CL carrying either a -1 or -2 charge. The IM-1 systems are shown in the left column and IM-2 
systems are shown on the right column. The partitioning curves are shown at three different 






Figure 2.7. Lipid fractions as a function of compressional strain (curvature) for the IM-1 system. 
The lipid fraction of PC (A), PE (B) and CL-1 (C) are shown. The legend in B applies to all panels. 
The curvature regions were defined as follows: negative: C < -0.05; neutral: 0.05 ≤ C ≤ 0.05; 










Figure 2.8. Curvature-mediated partitioning of inverted conical lipids in binary bilayer systems. 







Figure 2.S1. CL partitioning in PC/CL (4:1) system at γ=0.3 as a function of temperature. There 
is very little temperature dependence to the partitioning in this temperature range.



























Figure 2.S2.  The spline fit (multicolored line) is overlaid with the phosphate head groups 
(black dots) used to generate the curve fit. The color-coding of the fit is the curvature 
(units of nm-1), calculated from eq. 2 in main text. The phosphate positions are taken from 







Figure 2.S3. Lipid fractions a function of curvature for the IM-1 system, for =0.05-0.45. 
Line colors are the following: PC=green, PE=Blue, CL=Red.  The X-axis range was fixed 
at curvatures encompassing 98% of head group curvature data points, discarding points 







Figure 2.S4. Lipid fractions a function of curvature for the IM-2 system, for =0.05-0.45. 
Line colors are the following: PC=green, PE=Blue, CL=Red. The X-axis range was fixed 
at curvatures encompassing 98% of head group curvature data points, discarding points 






Figure 2.S5. Lipid fractions a function of curvature for the PC/CL (4:1) system, for =0.05-
0.45. Line colors are the following: PC=green, CL=Red. The X-axis s range was fixed at 
curvatures encompassing 98% of head group curvature data points, discarding points at 






Figure 2.S6. Lipid fractions a function of curvature for the PC/PE (4:1) system, for =0.05-
0.45. Line colors are the following: PC=green, PE=Blue. The X-axis range was fixed at 
curvatures encompassing 98% of head group curvature data points, discarding points at 







Figure 2.S7. Lipid fractions a function of curvature for the PC/PE (1:1) system, for =0.05-
0.45. Line colors are the following: PC=green, PE=Blue. The X-axis range was fixed at 
curvatures encompassing 98% of head group curvature data points, discarding points at 










Figure 2.S8. Lipid fractions as a function of compressional strain for the IM-2 system. The 
lipid fraction of PC (A), PE (B) and CL-2 (C) are shown. The solid lines represent the 
negative curvature region, the dashed lines represent the neutral curvature regions, and 
the dotted lines represent the positively curved regions. The curvature regions were 
defined as follows: negative: C < -0.05; neutral: -0.05 ≤ C ≤ 0.05; positive: C > 0.05, where 















Figure 2.S9. Lipid fractions as a function of compressional strain for the PC/CL (4:1) 
system. The lipid fraction of PC (A), and CL-1 (B) are shown. The solid lines represent the 
negative curvature regions, the dashed lines represent the neutral curvature regions, and 
the dotted lines represent the positively curved regions. The curvature regions were 
defined as follows: negative: C < -0.05; neutral: -0.05 ≤ C ≤ 0.05; positive: C > 0.05, where 












Figure 2.S10. Lipid fractions as a function of compressional strain for the PC/PE (4:1) 
system. The lipid fraction of PC (A), and PE (B) are shown. The solid lines represent the 
negative curvature regions, the dashed lines represent the neutral curvature regions, and 
the dotted lines represent the positively curved regions. The curvature regions were 
defined as follows: negative: C < -0.05; neutral: -0.05 ≤ C ≤ 0.05; positive: C > 0.05, where 













Figure 2.S11. Lipid fractions as a function of compressional strain for the PC/PE (1:1) 
system. The lipid fraction of PC (A), and PE (B) are shown. The solid lines represent the 
negative curvature regions, the dashed lines represent the neutral curvature regions, and 
the dotted lines represent the positively curved regions. The curvature regions were 
defined as follows: negative: C < -0.05; neutral: -0.05 ≤ C ≤ 0.05; positive: C > 0.05, where 











Figure 2.S12. Molecular geometry of PE and CL in PC/PE (4:1) and PC/CL-1 (4:1) 
systems, respectively. A) The lateral splay of the lipids tails. B) The normal direction 
extension of the lipid tails. C) The area per lipid head group, each CL is considered as 
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Characterization of molecular and bilayer scale properties of cardiolipin and 
monolysocardiolipin from multi-scale molecular dynamics simulations 
 
K.J. Boyd, N.N. Alder, E.R. May 
 
Abstract 
The mitochondrial lipid cardiolipin (CL) contributes to the spatial protein organization and 
morphological character of the inner mitochondrial membrane. Monolysocardiolipin 
(MLCL), an intermediate species in the CL remodeling pathway, is enriched in the 
multisystem disease Barth syndrome. Despite the medical relevance of MLCL, a detailed 
molecular description that elucidates the structural and dynamic differences between CL 
and MLCL has not been conducted. To this end, we performed comparative atomistic 
molecular dynamics studies on bilayers consisting of pure CL or MLCL to elucidate 
similarities and differences in their molecular and bulk bilayer properties.  We describe 
differential headgroup dynamics and hydrogen bonding patterns between the CL variants, 
and show increased cohesiveness of MLCL’s solvent interfacial region, which may have 
implications for protein interactions. Finally, using the coarse-grained Martini model, we 
show that substitution of MLCL for CL in bilayers mimicking mitochondrial composition 
induces drastic differences in bilayer mechanical properties and curvature-dependent 
partitioning behavior. Together, the results of this work reveal differences between CL 
and MLCL at the molecular and mesoscopic levels that may underpin the 







Cardiolipin (CL) is an unusual phospholipid with a headgroup consisting of two 
phosphatidic acid moieties bridged by a central glycerol and four acyl chain tails. In 
eukaryotes, CL localizes predominantly to the inner mitochondrial membrane (IMM), to a 
concentration of up to 20 mol%209. CL plays a role in many organellar functions and has 
been shown to bind to a variety of mitochondrial proteins180. Two important roles of CL 
involve maintaining the highly curved morphology of mitochondrial cristae182,183, and 
aiding the assembly of respiratory supercomplexes169.  
 Under certain physiological conditions, CL can assume a negative spontaneous 
curvature that results from an inverted conical geometry due to a small headgroup size 
relative to the large volume occupancy of its four acyl chains. In prokaryotic cell 
membranes, this leads to enrichment of CL at the highly curved polar regions and fission 
sites of rod-like bacteria184–186. The ionization state of the two phosphate moieties of CL 
has been a debated topic. Recent studies suggest that CL is doubly deprotonated at 
physiological pH and carries a charge of -2161–164, though other literature indicates 
circumstances in which CL can carry a -1 charge165–168. The tuning of CL’s charge state 
will affect the headgroup charge repulsion and modulate molecular geometry. Indeed, the 
phase behavior and intrinsic curvature of CL depend on both pH and ionic 
concentration170,171,173–175,178,179. 
 Following the de novo biosynthesis of nascent CL within the IMM, the lipid 
undergoes a remodeling process to yield the mature CL fatty acid composition, consisting 
of four unsaturated hydrocarbon chains210. CL is first deacylated by a CL-specific 





tri-acyl species monolysocardiolipin (MLCL) with a hydroxyl group at the site of cleavage 
(Fig 3.1). Multiple enzymes have been identified that catalyze the re-acylation of MLCL. 
Most MLCL remodeling is driven by tafazzin, an MLCL transacylase encoded by the 
nuclear X-linked TAZ gene. TAZ deficiency causes accumulation of MLCL and abnormal 
fatty acid profiles of tetra-acyl CL, which results in aberrant IMM morphology and 
disruption of the assembly and spatial organization of IMM protein complexes182,183. In 
humans, mutations in the TAZ gene lead to Barth syndrome, a multisystem disorder that 
clinically presents with cardiomyopathy, skeletal muscle weakness, growth retardation 
and possibly death in young males213. 
 CL-containing bilayers have been well-characterized through a variety of 
biophysical studies, yielding information about ionization states, polymorphic phase 
behaviors, and lipid-protein interactions. In contrast, there is a relative dearth of 
experimental studies on the structural and dynamic properties of MLCL despite its clinical 
relevance. It has been shown that MLCL can modulate the activity of the apoptotic factor 
tBid214 in a different manner than CL, and that MLCL-containing bilayers have a stronger 
preference for lamellar phases than those containing CL215. Computational studies have 
also focused on the more prominent CL species. A number of computational molecular 
modeling and molecular dynamics (MD) studies have explored the structural and dynamic 
properties of tetra-acyl CLs79,191–195, whereas to our knowledge only a single MD study 
has interrogated the physical characteristics of MLCL using a coarse-grained (CG) model 
to investigate the polymorphic phase-behavior in homogeneous lipid systems74.  
The molecular scale differences between tetra-acyl and tri-acyl CL species may 





characteristics of bilayers with differing CL-MLCL ratios. However, the molecular scale 
properties are yet to be thoroughly investigated. To study the local effects arising from 
molecular differences between CL and MLCL, we performed atomistic MD simulations on 
bilayers composed purely of tetraoleoylcardiolipin (TOCL) or trioleoylmonolysocardiolipin 
(hereby used synonymously with MLCL). We describe the headgroup orientation and acyl 
chain ordering resulting from tail number asymmetry. The orientation and hydrogen (H)-
bonding partners of the lyso hydroxyl group are quantified. We characterize differences 
in headgroup cohesion between the species and suggest a mechanism that could explain 
the effects of MLCL on protein-lipid interactions. To study larger scale bilayer mechanical 
properties, we performed CG-MD on heterogeneous bilayers mimicking the composition 
of the IMM, implementing a previously described buckling protocol79 to examine trends in 




Atomistic MD simulations were performed using the GROMACS 5 package216 and the 
CHARMM36 force field217. Initially, a solvated bilayer consisting of 50 TOCL (-2e charge) 
molecules per leaflet was generated using the CHARMM-GUI input generator218. The 
bilayer was solvated with 8482 water molecules, and 200 sodium ions were added to 
neutralize the total system charge. The TOCL system was used as the basis to generate 
the initial MLCL system. This was accomplished by replacing one sn-2 chain in each 





modified to accommodate the chain deletion, and the parameters chosen for the new 
hydroxyl group matched that of the central glycerol hydroxyl. A GROMACS compatible 
topology file (.itp) for MLCL is included in the appendix File S1. 
 Energy minimization and equilibration steps were performed according to the 
CHARMM-GUI guidelines, with steepest descent minimization for 5000 steps followed by 
NVT equilibration for 50 ps with a timestep of 1 fs followed by NPT equilibration with 
position restraints on the headgroup phosphorus atoms for 325 ps at a timestep of 2 fs, 
with semi-isotropic pressure coupling accomplished using the Berendsen barostat. Both 
TOCL and MLCL bilayers were equilibrated using the same protocol.  
Unrestrained MD simulations were run for 500 ns for both bilayers using a timestep 
of 2 fs. Temperature was maintained at 303 K using a Nose-Hoover thermostat219,220 with 
a coupling time constant of 1 ps. A semi-isotropic pressure coupling scheme was 
implemented using the Parrinello-Rahman barostat197 with a coupling constant of 5 ps. 
Bilayer compressibility was set to 4.5×10-5 bar-1, and the reference pressures both in the 
bilayer plane (X-Y) and normal (Z) to the bilayer were set to 1 bar, to generate a zero 
surface tension ensemble. Van der Waals interactions were cut off at 1.2 nm, with the 
interactions modified using the force-switch method between 1.0 nm and 1.2 nm. Long-
range electrostatics were calculated using the Particle Mesh Ewald (PME) method, with 
a real-space cutoff of 1.2 nm. The first 200 ns of unrestrained MD was considered further 
equilibration, leaving 300 ns for production MD to be analyzed. Bilayers were visually 
inspected using VMD 1.9221. Analyses of simulations were performed using a combination 
of GROMACS tools and in-house MATLAB scripts. Acyl chain order parameters were 











            (3.1)         
, in which θ for a given acyl carbon is defined as the angle between the bilayer normal 
and the vector originating at the acyl carbon and terminating at the acyl hydrogen.   
Interdigitation of monolayer acyl chains was calculated by integrating the 
dimensionless overlap parameter ρov,222 
𝜌𝑜𝑣(𝑧) = 4 ∗
𝜌𝑡(𝑧) ∗  𝜌𝑏(𝑧)
(𝜌𝑡(𝑧) +  𝜌𝑏(𝑧))
2         (3.2) 
    𝜆𝑜𝑣 = ∫ 𝜌𝑜𝑣(𝑧)
𝐿𝑧
0
𝑑𝑧                     (3.3) 
where ρt and ρb are the acyl densities along the z coordinate of the top and bottom leaflets 
respectively. Integrating the overlap parameter (Eq. 3.3) over the box z dimension (Lz) 
yields an interdigitation length, ρov, which characterizes the extent of interleaflet 
interdigitation. 
 Lateral pressure profiles (LPPs) were calculated using GROMACS-LS19, a 
modified version of GROMACS 4.5.5. The calculation of the LPPs are based on 100 ns 
of simulation data, with a save rate for position and velocities every 5 ps. While the 
simulations were run using PME, GROMACS-LS does not permit PME and electrostatics 
must be calculated with a straight cutoff. The recommended cutoff for GROMACS-LS is 
2.2nm19, but we found that a cutoff of 3.2 nm was necessary to observe convergence.  
Further discussion of GROMACS-LS parameter choices and convergence is presented 





The output parameters of Gromacs-LS are the components of the stress tensor, 
σ, as a function of the z dimension (bilayer normal). The lateral and normal components 
of the pressure profile are 𝑃𝐿 = −0.5 ∗ (𝜎𝑥𝑥 + 𝜎𝑦𝑦) and 𝑃𝑁 =  −𝜎𝑧𝑧, respectively, and the 
LPP is given by the difference in these components, 𝜋(𝑧) = 𝑃𝐿(𝑧) − 𝑃𝑁(𝑧). The first 
moment of π(z) links the LPP to the bending modulus (kc) and spontaneous curvature 
(c0): 




where the bilayer is centered at z=0. 
 All reported error estimates are standard errors, calculated using block averaging. 
For each observable, appropriate block lengths were determined by scanning a range of 
block sizes and observing the effect of block size on estimated error.  
 
Bilayer defect analysis 
The hydrophobic core accessibility was analyzed in the atomistic simulations by a method 
similar to Vamparys, et al223. The simulation box was divided into square grids with a grid 
spacing of 0.5 Å. The occupancy of each grid voxel was determined by first projecting the 
volume occupancy of the bilayer atoms, calculated with the volmap tool in VMD, onto the 
grid. Each X,Y grid position was then scanned from the top down, until an occupied voxel 
was reached. The X,Y grid position was then assigned as either headgroup (if the first 
occupied grid encountered was a headgroup atom) or tail(if an acyl carbon). The 





ester carbon that begins the acyl chains (see Fig 3.1). This allowed us to construct a 2D 
map indicating if the first grid box contacted would be occupied by the headgroup or tail. 
From this we could determine the fraction of the bilayer surface allowing access to acyl 
chains. To then discriminate small gaps in the headgroup coverage from larger “defects,” 
each grid point assigned as tail on the 2-D surface was treated as the center-point of a 
spherical probe with a specific radius. If the grid point and all neighboring grid points within 
this radius were classified as tails, those grid points were then assigned as defects.  In 
this way, only hydrophobic patches with sizes and shapes that could accommodate the 
spherical probe were classified as true defects.  
 
Coarse-grained simulations 
 Coarse grained simulations were conducted in GROMACS 5 using the Martini force 
field27. A heterogeneous bilayer consisting of palmitoyloleolyphosphatidylcholine (POPC), 
palmitoyloleoylphosphatidylethanolamine (POPE), and tetraoleoylcardiolipin (TOCL) was 
generated using the CHARMM-GUI Martini bilayer generator102. To generate a model for 
MLCL, a single sn-2 connected chain was removed from the TOCL model. The glycerol 
bead type that was connected to the deleted tail was changed from Na to P1, matching 
the form that represents other lysolipids in the Martini lipid repository. The Martini 
representation of the TOCL head group consists of a central glycerol bead connected on 
both sides by a phosphate bead followed by two glycerol beads, each with one acyl chain 
attached (the “sn-2” equivalent chain attached to the glycerol bead proximal to the 
phosphate, and the “sn-1” equivalent chain attached to the terminal glycerol bead). To 





type converted to a P1 polarity level, which matches other lysolipids found in the Martini 
lipid repository.  
The original Martini parametrization of CL (taken from [30]) contains several 
harmonic angle potentials at the headgroup level, with 3-atom angle combinations of 
phosphate-central glycerol-phosphate (PGP – 1050), central glycerol-phosphate-proximal 
glycerol (GPG – 1100), and phosphate-proximal glycerol-distal glycerol (PGG – 1200). We 
assumed the only angle potential that could be affected by removal of an acyl chain to be 
the PGG angle. Therefore, we ran equilibrium simulations of our CG systems both with 
and without the PGG potential, and assessed the effect of the angle potential on inter-
phosphate distances and headgroup tilt. We found no significant differences arising from 
removal of the potential (Fig 3.S4), and thus decided to keep the PGG potential for our 
CG model of MLCL. A GROMACS compatible topology file (.itp) describing the Martini 
MLCL model is included in appendix File S2.  
CG simulations were run with a timestep of 30 fs. Lennard Jones interactions were 
shifted to 0 at a cutoff of 1.1 nm using the potential-shift-Verlet implementation. 
Electrostatics were shifted to 0 at the same cutoff using the reaction field method. 
Temperature coupling was accomplished using the v-rescale thermostat, with a reference 
temperature of 303 K and a time constant of 1 ps. The Parrinello-Rahman barostat was 
used to maintain constant pressure with a time constant of 12 ps. Reported simulations 
times are multiplied by 4 as per Martini convention27.  
 





To examine mechanical stability and curvature-based partitioning of MLCL-containing CG 
bilayers, we applied a previously described methodology79. Briefly, a bilayer consisting of 
40% POPC, 40% POPE, and 20% MLCL is generated with dimensions of 30 nm by 10 
nm in the XY (bilayer) plane. The specific lipid concentrations were chosen to allow for 
direct comparison to our previous study involving TOCL. Systems were fully solvated (> 
15000 water beads in every simulation) and 324 sodium ions were added to the TOCL 
and MLCL-containing systems to neutralize the total charge. Lateral pressure in the long 
dimension is incrementally increased by 1 bar every 9 μs while the short lateral dimension 
is kept constant, and the normal direction pressure maintained at 1 bar. At a certain 
applied lateral pressure, the bilayer adopts a highly curved buckled state, to relieve the 
strain from the applied pressure. This 1 bar increment is then simulated again at 0.1 bar 
increments for 36 μs each to allow finer-tuned inspection of the buckling process. The 




        (3.5) 
In which L is the length of the simulation box in the dimension of applied pressure, and Lo 
is the original box length at 1 bar. Snapshots from the buckling process are then extracted, 
and simulated in the NVT ensemble, allowing the box size to be fixed and control the 
curvature. The system is simulated at fixed curvatures for 9 μs. To determine the extent 
of curvature-based partitioning, the concentration of lipid constituents within each 
monolayer are then calculated as a function of the local curvature environment. The 





coordinates of each monolayer are separately fit to a cubic smoothing spline function, 






       (3.6) 
where f’ and f’’ are the first and second derivative of the monolayer height function with 
respect to the Y-dimension, respectively; C has units of inverse distance. 
Results and discussion 
Headgroup geometry 
We begin with an investigation of the structural and dynamic molecular properties of 
MLCL in comparison to CL in homogeneous bilayers. The inter-phosphate distance has 
been used previously as a measure of the compactness of the CL central glycerol and 
has been used to parametrize the Martini CG CL model74,194. Fig 3.2A shows the inter-
phosphorus atom distance distribution. The profiles are very similar, with MLCL displaying 
a slight shift toward shorter inter-phosphate distances. 
  To determine if the acyl chain asymmetry of MLCL causes changes to the 
headgroup orientation, we calculated the angle between the phosphorous-phosphorous 
vector (P) and the bilayer normal, pointing into the membrane (Fig 3.2B). We defined the 
directionality of the P vector as initiating from the PN phosphorus (native side) and 
terminating at the PL phosphorus (lyso side); thus, an angle less than 90o indicates the 
lyso side tilts down into the membrane; conversely an obtuse angle indicates the lyso 
side tilts out of the membrane toward the solvent. The tilt angle definition and an example 





“lyso” phosphorous was assigned to be on the side from which an acyl chain was cleaved 
when converting to MLCL. As expected, the TOCL angle distribution was found to be 
symmetric around 90° (mean = 90.1° ± 0.1°, |skew| = 0.01).  In contrast, the MLCL 
distribution was shifted toward obtuse angles (mean = 98.1° ± 0.2°, |skew| = 0.12), 
indicating the lyso side phosphate orients away from the hydrophobic core of the bilayer.  
Lyso OH characterization 
We next examined the behavior of the lyso hydroxyl group of MLCL and its interactions 
with proximal molecular components. Replacing a fatty acid group with a hydroxyl group 
has several potential implications. First, the small hydroxyl group of MLCL has less steric 
bulk than the acyl chain of TOCL, which may allow for greater local conformational 
flexibility. Second, the polar hydroxyl group may tend to orient itself more towards the 
polar headgroup region rather than the hydrophobic core. Third, addition of an additional 
hydrogen bond donor has potential implications for altering the inter-molecular H-bonding 
network, which may result in changes to the structure and dynamics of the lipid, as the 
only H-bond donor in TOCL is the central glycerol hydroxyl. To determine the orientational 
preference of the hydroxyl group, we calculated the angle between the glycerol C-O bond 
vector (pointing from C to O) and the inward pointing bilayer normal for both the sn-1 and 
sn-2 glycerol carbons on the lyso and native sides of TOCL and MLCL. A typical TOCL 
sn-1 C-O bond points sharply into the bilayer at an average angle of around 30° (Fig 
3.3A), while a typical TOCL sn-2 C-O bond extends into the bilayer at an average angle 
of 60° (Fig 3.3B). The native side of MLCL displays a nearly identical distribution to that 
of TOCL for both sn-1 and sn-2 bonds. On the lyso side, the sn-1 angle is slightly shifted 





hydroxyl (Fig 3.3B, yellow line) does not maintain a similar angle distribution to its 
counterpart ester bond on the native side. Instead, the distribution is very broad, reflecting 
an increase in rotational freedom of the significantly smaller hydroxyl group, and is 
centered around 100°, pointing toward the water-headgroup interface of the associated 
monolayer. 
We determined the hydrogen bonding partners of the lyso hydroxyl group using 
the gmx hbond program. The results are displayed in Table 3.1, and are separated into 
self (intra-molecular) and non-self (inter-molecular) interactions. 25% ± 4.1% of the lyso 
hydroxyl groups formed intra-molecular hydrogen bonds, primarily with the oxygens of 
the adjacent phosphate group, with smaller contributions from the linking ester groups. 
28.1% ± 3.6% of lyso hydroxyl groups were found to create inter-molecular hydrogen 
bonds with other MLCL molecules. A majority (17.5% ± 3.6%) of these H-bonds were 
formed with phosphate oxygens. The asymmetry between bonding to non-self PO4N and 
PO4L (7.1% ± 1.7% to 10.4% ± 3.2%) may be caused by headgroup tilting (Fig 3.2B), 
which positions the P04L groups closer to the water interface. Hydrogen bonds to water 
compose 31.4% ± 0.2% of lyso hydroxyl H-bonds. In sum, MLCL lyso OH groups 
participated (as donors) in intra- and intermolecular H-bonds 84.5% ± 5.5% of the time.  
Table 3.1. Hydrogen bond partners of lyso OH† 
H-bond acceptor Self non-self Total 
lyso OH N/A 3.3% ± 0.2% 3.3% ± 0.2% 
Central OH 0.9% ± 0.2% 0.4% ± 0.2% 1.3% ± 0.3% 
PO4N 0.9% ± 0.9% 7.1% ± 1.7% 8.0% ± 1.9% 
PO4L 20% ± 4% 10.4% ± 3.2% 30.4% ± 5.1% 
ester O 3.2% ± 0.1% 6.9% ± 0.2% 10.1% ± 0.2% 
Water N/A 31.4% ± 0.2% 31.4% ± 0.2% 
Total 25.0% ± 4.1% 59.5% ± 3.6% 84.5% ± 5.5% 






Only 13.4% ± 0.3 of the lyso hydroxyl hydrogen bonds were satisfied by H-bond 
acceptors at the lyso glycerol level (ester oxygens and other lyso OH groups), whereas 
the rest of the hydrogen bond acceptors are geometrically above the glycerol. The 
hydroxyl group must then point out of the membrane to access those hydrogen bond 
donors, which provides a plausible explanation for both the tilted headgroup (Fig 3.2B) 
and shifted angle distribution (Fig 3.3B). An example of a tilted headgroup with 
intramolecular H-bond between the lyso hydroxyl hydrogen and lyso phosphate oxygen 
is presented in Fig 3.2C. 
Acyl chains 
In addition to characterizing the MLCL headgroup structure, we performed analyses of 
the acyl chains. We focused not only on similarities and differences between TOCL and 
MLCL, but also on the asymmetry between the native and lyso sides of MLCL. To gain 
insight into the structure and flexibility of the sn-1 and sn-2 acyl chains, we calculated acyl 
chain order parameters (SCH, see Eq. 3.1), which measures the orientational mobility of 
C-H bonds at different positions along the acyl chain. We found that the SCH values of 
MLCL chains on the native side of the membrane reveal a depth-dependent pattern 
similar to those of TOCL, but with an overall decrease in order throughout the chain (Fig 
3.4).  
 When comparing the native MLCL sn-1 to TOLC sn-1 (Fig 3.4A) or comparing the 
sn-2 chains between MLCL and TOCL (Fig 3.4B), SCH follows a similar pattern of 





magnitudes of the order parameters are uniformly reduced comparing TOCL to native-
side MLCL, the lyso side sn-1 chain of MLCL differs significantly from the other trends.  
The lyso side sn-1 chain of MLCL displays increased ordering in headgroup-proximal 
chain positions compared to the native-side chain of MLCL, more closely matching the 
level of order in TOCL. We attribute this difference to the headgroup tilt shown in Fig 
3.2B. As the lyso side of the headgroup tilts out of the headgroup plane, it pulls the acyl 
chains more into the hydrophilic interfacial region. This may cause the interface-proximal 
acyl chain components on the lyso side to adopt a more rigid conformation to keep the 
chain oriented towards the hydrophobic core of the bilayer. 
 Taken together, the H-bonding, chain order parameters and MLCL head group 
geometry are likely related. When the lyso OH forms H-bonds between the central 
glycerol or phosphates, as it does 38.4% of the time, these interactions may cause the 
lyso side of MLCL to be pulled toward the solvent phase. The enthalpic gain from these 
additional H-bonds may compensate for increased chain ordering in the lyso side chain 
compared to the native-side chains in MLCL (Fig 3.4A). These analyses suggest a 
possible mechanism by which the presence of MLCL could disrupt lipid-lipid and lipid-
protein interactions. Namely, the presence of the lyso OH group could disrupt H-bonding 
patterns observed between TOCL and PC or PE lipids. Furthermore, the CL phosphates 
are known to mediate specific ionic contacts with IMM-proteins, which may be 
diminished/disrupted in the presence of high MLCL concentrations because the 
phosphate oxygens become partially occupied with H-bonds to the lyso OH groups.  





To understand the molecular shape characteristics of MLCL and TOCL we considered 
both measurements based upon the bulk membrane properties and molecular scale 
analyses. We calculated the area per headgroup for both bilayers to determine to what 
extent this geometric parameter modulated molecular shape (Table 3.2). The area per 
lipid of TOCL was found to be 129.0 ± 0.3 Å2, in good agreement with the experimental 
value of 129.8 Å2 determined by Pan, et al using small angle x-ray and neutron 
scattering52. The area per lipid of MLCL was 109.0 ± 0.2 Å2, a reduction of 15.5%. While 
the area per lipid arises from the properties of both the headgroup and tails, we have 
calculated the average area per acyl chain, which shows MLCL chains occupy a greater 
area than TOCL (36.3 Å2 ± 0.1 vs 32.2 Å2 ± 0.1). However, the increase in area/tail in 
MLCL (13%) is not sufficient to compensate for the reduction in number of tails (25%), for 
the molecular shape of MLCL to be equivalent to TOCL. The increased area/tail in MLCL 
is caused by MLCL chains splaying to a greater extent than those of TOCL. The chain 
splay was analyzed directly by calculating the splay angle, measured between the vector 
connecting the central glycerol carbon with the terminal acyl chain carbon and the bilayer 
normal vector. From the splay angles, the splay distance was determined (as the 
projection of the splay vector onto the X-Y plane, Fig 3.S5). The average splay distance 
was increased in MLCL (9.6 Å ± 0.1 Å) compared to TOCL (9.1 Å ± 0.1 Å) by 5.5%. Since 
the tails in MLCL are sampling wider angle distribution, this results in a reduced 
hydrophobic thickness compared to TOCL (28.3 ± 0.1 Å to 30.9 ± 0.1 Å), measured as 
the distance between the average position of the ester carbons at the start of the acyl 









Table 3.2. Geometric properties of MLCL and TOCL† 
 Area per lipid 
 (Å2) 






c0 (1/Å)  
 
TOCL 129.0 ± 0.3 32.2 ± 0.1 30.9 ± 0.1 5.49 ± 0.03 -0.0012 ± 
0.003 
MLCL 109.0 ± 0.2 36.3 ± 0.1 28.3 ± 0.1 6.54 ± 0.04  0.020 
±0.004 
†Area per lipid is calculated by dividing the average bilayer area by the number of lipids per leaflet. Area 
per acyl chain is the area per lipid divided by 4 for TOCL and 3 for MLCL. Hydrophobic thickness is average 
distance between the first carbon in the acyl chains between leaflets. Standard errors were estimated using 
block averaging. 
 
The increase in area per chain in MLCL is consistent with a decreased density of 
monolayer chain atoms. This decreased density may generate “hydrophobic gaps” at the 
interface of the monolayers, allowing for increased interdigitation between the lipid 
monolayers for MLCL. We calculated the extent of interdigitation for both bilayers (see 
Methods), and found that the ov increased by 18% from TOCL to MLCL (5.49 ± 0.03 Å 
and 6.54 ± 0.04 Å, respectively), indicating increased acyl interdigitation in the MLCL 
bilayer. The increased interdigitation presumably factors into the decreased hydrophobic 
thickness in MLCL as well.    
 The large reduction in total tail cross-sectional area may drastically change the 
shape of MLCL relative to TOCL, if the cross-sectional headgroup area is unchanged. 
This assumption is supported by the similar inter-phosphate distances shown in Fig 3.2A, 





assumption. We can estimate the effect of lipid tilt on headgroup area by treating the 
headgroup as a disk and calculating the projected area of the tilted disk onto a flat plane, 
where Aproj  = Aflat × cos(θ – 900), where is the tilt angle.  Based upon the probability 
distributions of θ(Fig 3.2B), TOCL has an Aproj = 0.837×Aflat and MLCL has an Aproj = 
0.733×Aflat.  Under the assumption that TOCL and MLCL have the same Aflat, which is 
supported by the similar inter-phosphate distance distributions (Fig 3.2A), the projected 
area of the MLCL is decreased by 12.5% compared to the projected headgroup area of 
TOCL. While the tilting of MLCL does have a substantial effect on reducing the lipid 
headgroup area, the loss of an acyl chain has a more significant effect on altering the 
molecular geometry of MLCL (15.5% reduction in tail area vs. 12.5% reduction in 
headgroup area). Therefore, the reduction in tail area in MLCL is not fully compensated 
for by headgroup tilting, which we predict will result in a shifting of the MLCL molecular 
geometry towards a more cylindrical shape than TOCL. 
Lateral Pressure Profiles 
To assess the stress within the bilayers and estimate the sign of the spontaneous 
curvature, we calculated the lateral pressure profiles (LPPs) for the MLCL and TOCL 
bilayers using Gromacs-LS19. Fig 3.5 presents the LPPs of the TOCL and MLCL bilayers, 
symmetrized about the bilayer center (z=0). Moving from the bulk solvent toward the 
bilayer center, both LPPs display a moderate positive pressure peak (I) attributed to the 
repulsion in the headgroups, with the MLCL peak occurring at slightly lower z-position 
(closer to bilayer center) due to the difference in bilayer thickness. A large negative peak 
(II) is seen in both bilayers, indicative of the lipid-water interfacial tension, followed by 





lipids and has been demonstrated to align with the location of the acyl chain double 
bound19. The negative interfacial tension peak (II) and positive double-bond peak (III) of 
MLCL are both smaller in magnitude than that of TOCL, indicating that the monolayers 
experience less lateral stress in those regions. In addition, the TOCL LPP has a positive 
peak at the bilayer center (IV) that MLCL lacks. This difference in lateral pressure can be 
rationalized in terms of the respective lipid geometries: the inverted conical shape of 
TOCL would lead to larger stresses at the tip of its acyl chains, while the cylindrical MLCL 
lacks such strain. The increased interdigitation in MLCL is consistent with the slightly 
negative pressure at the bilayer center as it promotes association of the two monolayer 
acyl chains.   
The first moment of the lateral pressure profile is equal to the product of the 
monolayer bending modulus (kc) and spontaneous curvature (c0) according to Eq. 3.4. 
From our LPPs we calculated kcc0 to be -1.2 × 10-21 ± 3 × 10-21 J/nm for TOCL and 20.4 
× 10-21 ± 4 ×10-21 J/nm for MLCL. The bending modulus will always be positive and 
therefore the sign of co is negative for TOCL and positive for MLCL. co cannot be 
determined without a confident estimate of the kc, and we caution that the obtained values 
of the first moment of the LPPs were highly dependent on the electrostatic cutoff used for 
analysis (see Fig 3.S3). However, the bending modulus of TOCL has been measured 
experimentally52 to be approximately 10-19 J, and if assume this value of kc for both TOCL 
and MLCL we can estimate the value c0.  With this assumption of kc, we obtain c0s of -
1.20 × 10-3 A-1 and 2.0 x 10-2 A-1 for TOCL and MLCL, respectively. Our observed co of 
TOCL is consistent within error with experimental measurements of TOCL in the absence 





curvature from a moderate negative value to a highly positive value. We note that the 
transition from small negative intrinsic curvature to high positive intrinsic curvature has 
also been observed when comparing spontaneous curvatures of phosphatidic acid and 
lysophosphatidic acid224.  
Lipid diffusion 
We next investigated the spatial dynamics of MLCL to determine if the reduction in acyl 
chain numbers of MLCL increases lateral mobility. To this end, we calculated the two 
dimensional mean squared displacement (MSD) of both species at a range of lag times 
(Fig 3.S6) and extracted the diffusion coefficients from the slope of the curve using the 
equation 𝑀𝑆𝐷 = 2𝑑𝐷𝜏, where d is the dimensionality (2 in our case), D is the diffusion 
coefficient, and τ is the time lag. The lateral diffusion coefficient of TOCL was found to be 
4.0 ± 0.01 × 10-8 cm2/s, and the diffusion coefficient of MLCL was 3.8 ± 0.1 × 10-8 cm2/s. 
 The assumption that lateral diffusion would increase with fewer acyl chains 
appears to be incorrect. This incorrectness of this assumption may be due to several 
factors. First, the increased hydrogen bonding capacity of the MLCL headgroup may 
bridge adjacent lipids, creating temporary networks with decreased motions. Second, we 
observe tighter packing of MLCL headgroups seen through reduced area per headgroup 
and greater interdigitation (Table 3.2). The increased interdigitation and tighter 
headgroup packing may lead to more drag on the system. It should be noted that artifacts 
due to periodic box size can impact observed diffusion rates, an effect that requires very 
large system sizes to fully dissipate225,226. However, this effect likely impacts observed 
diffusion rates to the same extent for both systems, and therefore the observed decreased 





Acyl chain accessibility 
Area per lipid calculations indicate that the headgroups of MLCL pack tighter than those 
of TOCL. We reasoned that this tighter packing may lead to increased cohesion of the 
headgroup region and decreased accessibility of solvent to acyl chains. Such an effect 
may have an important effect on membrane-protein interactions. For example, Vanni et. 
al227 showed through a combination of experimental techniques and MD simulations that 
the binding of the amphipathic packing lipid sensor (APLS) protein is dependent on the 
formation of “defects” in the headgroups of bilayers which expose the hydrophobic 
interior. To examine this possibility, we constructed 2D surface maps of our bilayers and 
assigned the surface as either headgroup or acyl chain, based upon the first atom that 
was encountered as a probe descended from above the bilayer (Fig 3.6A). A simple 
measurement of headgroup integrity is the fraction of the surface map that shows 
exposed acyl chain, Fexp (Fig 3.6B). We find that TOCL consistently displayed a larger 
Fexp (0.365 ± 0.003) than MLCL (0.306 ± 0.003).  
 While a useful first indicator, total exposure of chains does not take into account 
the geometry of gaps in the headgroup. A gap may only be relevant for protein binding if 
it is large enough for the protein to sense. Indeed, Vanni and colleagues show that binding 
of APLS is dependent upon the insertion of aromatic side chains, and that a gap of 
sufficient size must be present for insertion (they estimate a defect area of at least 0.2 
nm2 for the insertion of phenylalanine). To examine our surface maps for the presence of 
biologically relevant (larger) defects, at each acyl exposed grid point we examined the 
surrounding grid points in a given probe radius. If all surrounding grid points also had acyl 





corresponding membrane fractions are presented in Fig 3.6C for a range of probe radii. 
As with total acyl exposure, the MLCL bilayer surface exposed fewer defects than the 
TOCL bilayer for all measured probe radii. For larger probe radii, the difference between 
the two bilayers grows larger. Fig 3.6D presents the percent decrease in defect exposure 
from the TOCL to MLCL bilayers. As the probe radius increases, the difference between 
them grows. We estimate that a relevant probe size for protein side-chain insertion is a 
radius of 2.5 Å (area of 0.196 nm2), at which the MLCL bilayer displays 47.9% fewer 
defects than TOCL. Thus, moderate differences in headgroup coverage can result in 
drastic differences in the presentation of defects on scales relevant to protein binding. 
 CL binds several peripheral proteins in addition to over 60 integral proteins180. 
MLCL clearly provides a higher barrier than TOCL for such proteins attempting to interact 
with the hydrophobic interior of the bilayer. However, not all peripheral proteins interact 
with membranes via defect sensing. To our knowledge, the only comparative study of 
protein binding examining both CL and MLCL was with the apoptotic factor tBid, in which 
the affinity of the protein was greater for MLCL than for CL214. This suggests that tBid-
bilayer interactions may be headgroup dependent rather than hydrophobic, in which case 
the modified headgroup dynamics or orientation may play a role in differential CL binding. 
Mechanical properties  
The membrane properties studied to this point have been molecular in scale, but the 
molecular differences between TOCL and MLCL may also manifest at larger length 
scales. In a recent study79, we subjected bilayers containing CL to applied external 
pressures to induce buckling in a coarse-grained (Martini27) model. The buckling 





a platform for studying curvature-based demixing tendencies of the component lipids. To 
assess the effect of MLCL on these properties, we repeated our previous procedure, 
replacing TOCL with MLCL in a bilayer containing 40% POPC, 40% POPE, and 20% CL, 
which serves as simplified model for the IMM. For reference, we also present data from 
a bilayer lacking CL, consisting of 50% POPC and 50% POPE. Fig 3.7A shows the effect 
of applied pressure on box compression, quantified by the compressional strain γ, 
described in Eq. 3.5. The changes in γ in the 4-6 bar range indicate buckling events, 
where buckled bilayers have γ > 0.5. The TOCL containing bilayer buckled at a lower 
pressure than the MLCL bilayer, indicating it is more susceptible to shape deformations 
from applied pressures.  
 The 1-bar pressure increments in Fig 3.7A lead to complete buckling events; none 
of the simulations persist in an intermediately buckled state. To determine if stable 
intermediates are present along the buckling pathway, we performed simulations in 0.1 
bar pressure increments along the previously determined buckling pathway (Fig 3.7B). 
We previously observed that TOCL-containing bilayers sampled intermediately buckled 
states, whereas we now find the MLCL-containing bilayer behaves in a two-state fashion 
only sampling the completely flat and completely buckled states. For both buckling 
procedures, the MLCL-bilayer closely mimicked the properties of the POPC/POPE 
bilayer. 
 Bilayer deformability is crucial to maintaining the highly curved cristae membrane. 
A more rigid bilayer accrues a larger energetic penalty when forced into curved 
morphologies. The more brittle nature of the MLCL-containing bilayer may partially 





Further, the mitochondrion regulates its morphology and can rapidly effect changes in 
cristae structure to modulate metabolic rates148,228. Our data indicate that MLCL-
containing bilayers are insensitive to small applied pressure changes. While lateral 
pressure is used here as a computational tool and pressure changes of this magnitude 
are unlikely to be experienced in vivo, these observations may reveal important 
differences between MLCL and TOCL in modulating bilayer curvature in response to 
cellular stimuli. Supporting this idea, a 31P NMR study on CL phase behavior showed that 
while tetra-acyl CL undergoes a lamellar (L ) to inverted hexagonal phase (HII) transition 
under high salt conditions, MLCL is restricted to the lamellar phase under similar 
conditions215.  The effect of monovalent salt likely causes a reduction in the headgroup 
area through direct binding and electrostatic screening. The shape of MLCL should be 
more cylindrical than TOCL and therefore a greater reduction in the headgroup area 
would be required to induce a L  to HII conversion. Furthermore, the orientation of the 
MLCL headgroup, with the phosphates adopting positions out of the bilayer-water 
interface plane, may result in less sensitivity to ionic screening.  
Curvature-based partitioning 
Our analysis of bilayer buckling is a valuable tool to study curvature-dependent lipid 
sorting, as buckled membranes contain regions of both positive and negative curvature.  
Previously we have shown that TOCL partitions strongly to regions of negative 
curvature79. We extracted frames from the buckling trajectories of the systems containing 
40% POPC, 40% POPE and 20% TOCL/MLCL and simulated them without pressure 
coupling, fixing the box size and therefore the extent of curvature. The simulations were 





determined. Fig 3.8 displays a visual representation of the TOCL/MLCL partitioning in a 
buckled bilayer, as well as quantification of the concentrations of TOCL and MLCL in 
different curvature regimes. The bilayer snapshots in Fig 3.8A, illustrate the strong 
portioning of TOCL to negative curvature regions, which MLCL does not exhibit the same 
degree of partitioning. Curvature-based lipid partitioning is determined in negative 
curvature regions (C < -0.05 nm-1, Fig 3.8B-top), in flat regions (0.05 nm-1 > C > -0.05 
nm-1, Fig 3.8B-middle) and positive curvature regions (C > 0.05 nm-1, Fig 3.8B-bottom).  
MLCL partitioning to regions of negative curvature is greatly reduced at all buckling 
magnitudes (Fig 3.8B-top), and depletion of MLCL is reduced at regions of positive 
curvature (Fig 3.8B-bottom) when compared to TOCL. We observe that the fraction of 
TOCL or MCLC in the flat regions (Fig 3.8B-middle) match the bulk concentration of 20 
% for both systems.  
 Molecular geometry is the main determinant of lipid spontaneous curvature; 
therefore, reduction of curvature-based partitioning in our CG system suggests that MLCL 
is more cylindrical than TOCL, in agreement with calculations from the atomistic 
simulations. Furthermore, we don’t believe these are model-dependent observations as 
the molecular geometry is well preserved in the CG model. The lipid headgroup tilt 
distributions are highly similar between the atomistic and CG models for both TOCL and 
MLCL (Fig 3.S4). Membrane bending energetics depend on both the pliability (bending 
modulus) and spontaneous curvature of the lipid bilayer constituents, so both aspects 






The effects of MLCL on cristae curvature may also go beyond simple bending 
energetics. A variety of proteins shape the IMM, including ATP synthase, which self-
organizes into rows of dimers along the cristae tips where regions of high curvature are 
apparent157. This organization is disrupted in tafazzin-deficient mitochondria183. CL may 
be essential in maintaining these dimer rows, in which case the impact of MLCL extends 
to disrupting curvature-generating proteins. Alternatively, the organization of ATP 
synthase may depend on preexisting curved morphologies which are maintained by CL.  
Summary 
 In summary, we performed MD simulations on multiple scales to elucidate 
molecular- and bulk-scale similarities and differences between TOCL and MLCL. Through 
atomistic simulations, we characterized differences in headgroup tilt, acyl chain dynamics, 
and solvent accessibility to the hydrophobic bilayer core, and determined the orientation 
and H-bonding partners of the lyso hydroxyl group of MLCL. The potential implications of 
these molecular-scale effects may include disruption of specific lipid-lipid patterning and 
direct lipid-protein interactions. Molecular geometry analysis was performed on the 
atomistic simulations, which suggested that the molecular shape of MLCL is more 
cylindrical than the inverted-conical shape of TOCL. However, the change in the 
molecular geometry of MLCL may be slighter than what would be predicted based solely 
on the loss of an acyl chain. The headgroup tilting of MLCL results in a smaller headgroup 
area and partially compensates for the tail area reduction from the acyl chain reduction. 
Nonetheless, the effect of replacing TOCL with MLCL is profound, as we observed in CG 
simulations. The CG simulations showed that MLCL-containing bilayers are more 





MLCL showed reduced partitioning to regions of negative curvature. The differences in 
the molecular and bilayer-scale properties of MLCL compared to TOCL, may be important 
factors in presentation of aberrant mitochondrial morphologies associated with disease 
















Figure 3.1. Structures of TOCL and MLCL. Hydrogen bond acceptors are colored (pink: 
ester oxygens, blue: phosphate oxygens, green: central hydroxyl, red: lyso hydroxyl of 
MLCL). MLCL is partitioned into the native (N) side with full acyl chain complement, and 

















Figure 3.2. Geometry and orientation of headgroups. (A) Intra-molecular distance 
between phosphorus atoms. (B) Headgroup tilt measured as the angle between the 
bilayer normal and the vector pointing from the PN phosphorus to the PL phosphorus. 
Legend in (A) also applies to (B), and error bars represent block averaging based 
standard errors. An example of an obtusely tilted (107.2°) headgroup is shown in (C). The 
dotted line is the PN-PL vector and the solid line is the downward Z-vector. All hydrogens 
are removed except for the lyso hydroxyl hydrogen, which is depicted in gray. Coloring of 
other atoms are as follows: phosphorous=lime, carbon=cyan, oxygen=red. The orange 

















Figure 3.3. Orientation of glycerol sn-1 and sn-2 C-O bond vectors. Angles 
between glycerol C-O bond vectors and bilayer normal for sn-1 chains (A) and for sn-2 






















Figure 3.4. Acyl chain order parameters. -SCH order parameters along the sn-1  (A) 
and sn-2 (B) acyl chains for TOCL and MLCL,  calculated using Eq. 1. Error bars 




















Figure 3.5. Lateral Pressure Profiles for TOCL and MLCL bilayers. The LPPs are 















Figure 3.6. Bilayer defect analysis. (A) Top-down surface representation of a frame in 
the TOCL bilayer simulation. Blue corresponds to headgroups, yellow to acyl chains. The 
right panel shows the 2D surface grid, using the same color scheme. Red areas indicate 
defects found using a probe with radius 2.5 Å. (B) Time-course of the total fraction of the 
2D grid points assigned as acyl chain accessible. (C) Fraction of bilayer calculated to be 
a “defect” as a function of defect probe radius for TOCL and MLCL. The dotted reference 
lines are the averages of panel B, error bars represent block averaging based standard 
errors. (D) Percent change in fraction of membrane defined as a defect, from TOCL to 
MLCL, as a function of probe radius. The dotted line is the % change in total acyl 








Figure 3.7. Buckling of coarse-grained bilayers.  (A) Response of bilayers to induced 
lateral pressure. γ=0 corresponds to a flat bilayer, γ~0.6 to a maximally compressed 
bilayer. (B) Time-course of smaller incremental (0.1 bar) pressure increases. Each 
pressure increment was run for 36 μs. The colors of the trends in panel B, are 
consistent with the colors in panel A, and therefore indicate the bilayer composition. 
Data for POPC:POPE and POPC:POPE:TOCL was previously reported in [35], and is 










Figure 3.8. Curvature-driven segregation of TOCL and MLCL. A) Snapshots from the 
final frame of the fixed box γ=0.30 simulation illustrate partitioning propensities.  TOCL 
and MLCL headgroups are colored red, POPC headgroups are colored green, POPE 
headgroups are colored blue, all tail beads are colored grey. The compositions of the 
bilayers contain 40% POPC, 40% POPE, and 20% TOCL (top) or 20% MLCL (bottom). 
(B) Concentrations of TOCL and MLCL in bilayers fixed at compression levels ranging 
from γ=0.05 to γ=0.45. Concentrations in regions of high negative curvature (C < -0.05 
nm-1) are shown on top, concentrations in regions with low curvature (C > -0.05 nm-1, C 
< 0.05 nm-1) are shown in middle and concentrations in regions of high positive curvature 
(C > 0.05 nm-1), are shown on bottom. The dotted line is a reference to the bulk 
concentration (20%) of TOCL/MLCL in these bilayers. Error bars represent block 






Characterization of molecular and bilayer scale properties of cardiolipin and 
monolysocardiolipin from multi-scale molecular dynamics simulations 
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Supplementary Methods 
Electrostatics in GROMACS-LS 
The current implementation of GROMACS-LS19 does not support PME electrostatics to 
calculate the electrostatic forces component of the virial. The electrostatic force in 
GROMACS-LS must be calculated using a cutoff treatment for electrostatics, with the 
cutoff length extended beyond the typical short-range cutoff used for the direct space 
electrostatic calculation when using PME. It has been demonstrated that a cutoff of rES = 
2.2 nm is sufficient for convergence of the LPP for a neutral lipid membrane, and is the 
recommended parameter choice of rES in GROMACS-LS.19 However, the cardiolipin 
bilayer systems are highly charged and we were concerned that the electrostatic 
component of the virial may not be adequately calculated with rES =2.2 nm and may 
require a longer cutoff.  We scanned a range of rES values for the TOCL membrane, we 
found that the profiles appear converged at a cutoff of 2.4 nm, Fig 3.S1.  
 However, while the shape of the TOCL LPP is converged at rES  = 2.4 nm, several 
key observables of the system continue to change as rES is increased. The average lateral 
and normal system pressures continue to change beyond the 2.4 nm cutoff. If the 





forces calculated during the production run (treated with PME), then the calculated total 
lateral pressure (PL =[Pxx + Pyy] / 2) and normal pressure (PN = Pzz) from the analysis 
should match the pressures from the simulation run, which are being coupled to a 
pressure bath at 1 bar. Fig 3.S2 presents the calculated bulk lateral and normal pressures 
over a range of cutoffs. At short cutoffs, PL is overestimated, which was also observed by 
Vanegas  et al. in a POPE bilayer.19  At a cutoffs of 2.6 nm and above, PL approaches the 
correct bulk pressure (1 bar) but fluctuates in the range of +10 bar to -10 bar. PN is slightly 
underestimated at low cutoffs and converges to the correct simulation pressure, within 
error estimate, at a cutoff of 3.0 nm.  
 The treatment of cutoffs in GROMACS-LS should be even more stringently 
considered when estimating elastic parameters from the LPP. We calculated the first 
moment of the LPP which is equal to the product of the bending modulus (kc) times the 
spontaneous curvature (c0) for TOCL over a range of electrostatic cutoffs (Fig 3.S3), and 
found that the observed value of kcc0 decreased roughly linearly from a cutoff of 1.6 nm 
to 2.6 nm. The calculated values of kcc0 in the cutoff range of 2.8 nm to 3.2 nm were more 
similar to each other, indicating that the value was approaching convergence with respect 
to the cutoff length, but was still slowly decreasing. We note that the sign of kcc0 was only 
negative at the highest cutoff (3.2 nm). The sign of c0 is inferred from the sign of kcco; 
therefore, it is essential to check the convergence of the first moment of the LPP when 
attempting to estimate the sign of spontaneous curvature.  
 The dependence of system observables on electrostatic cutoff length in our system 
cannot necessarily be generalized to all lipid systems, as our TOCL and MLCL bilayers 





to balance the total system charge. A zwitterionic lipid bilayer with typical counterion 
concentrations may show converged properties at a lower cutoff, which would be 
advantageous as the computational requirements for calculating electrostatics with a 
straight cutoff scales cubically with distance. However, we suggest that for any analysis 
beyond simply observing the shape of the LPP, it is necessary to test the effect of 





















Figure 3.S1. Pressure profile for a TOCL bilayer calculated for a range of 
electrostatic cutoff distances. Both the lateral (solid) and normal (dashed) 
components of the pressure profile are shown. 
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Figure 3.S2.  System pressures from GROMACS-LS. The lateral and normal 
components of the total system pressure for the TOCL bilayer were calculated over a 
range of electrostatic cutoffs by integrating PL(z) and PN(z) over the z dimension of the 





























Figure 3.S3. Effect of electrostatic cutoffs on kcco. The first moment of the LPP of 
the TOCL bilayer (kcco) was calculated over a range of electrostatic cutoffs. Error bars 














Figure 3.S4. Comparison of headgroup tilting between atomistic and CG models. 
TOCL and MLCL tilting is compared between homogeneous bilayers using the 
CHARMM36 force field (AA) and Martini force field (CG). For the Martini MLCL the lyso 
side PGG angle term was removed (modified), but it showed no effect compared to when 
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Figure 3.S5. Acyl chain splay distances. The splay distances were calculated by 
projecting the vector connecting the central glycerol carbon to the terminal acyl chain 
carbon onto the x-y plane.  
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Figure 3.S6. Lateral diffusion of atomistic TOCL and MLCL bilayers. Lateral mean 
squared displacements at a range of time lags (τ values) were calculated using gmx msd. 































The inner mitochondrial membrane is complex in morphology and composition, and the 
interplay of lipid and protein components with membrane curvature is essential for 
mitochondrial function. Two of these key components which regulate mitochondrial 
morphology are the lipid cardiolipin and the protein ATP synthase. To investigate the two-
way relationship between membrane shape and composition, we used coarse grained 
molecular dynamics simulations of mitochondrial mimicking shapes. We demonstrate the 
effects of cardiolipin on mitochondrial shape stability, and observe the effects of “necks” 
and Gaussian curvature on cardiolipin partitioning. Using reductionist systems, we probe 
the energetics of ATP synthase dimer rotation and self-organization in simple cylindrical 
bilayers. 
Introduction 
The mitochondrial inner membrane is composed of a flat boundary membrane and highly 
curved invaginations called cristae, typically linked by tight structures termed cristae 
junctions154. Cristae can present a number of morphologies depending on cell type and 
metabolic health148,228, with shapes such as flattened sacs or tight tubular cylinders, with 
regions of tight curvature being the defining feature229. Aberrant mitochondrial 
morphology is linked to a number of metabolic disorders213. 
 A large number of factors contribute to sculpting mitochondrial morphology. Cristae 
junctions are supported at least in part by the MICOS complex230. Inner membrane 
proteins such as tBid and mitofilin have also been shown to play a role159,160. Lipid 





CL promotes negative curvature in the presence of divalent cations or low pH171,173,202, 
and indeed localized pH gradients in CL-containing vesicles have been shown to induce 
cristae-like invaginations on their own178. Disruption of the CL biosynthesis pathway leads 
to aberrant cristae morphology and leads to metabolic disorder213. 
 Perhaps the most well-known sculptor of inner membrane morphology is the ATP 
synthase complex. In cells, ATP synthase forms a dimer with an inter-monomer angle 
between 80 and 120 degrees, which requires high local membrane curvature to match157. 
In simulations of flat bilayers, this geometry has been shown to locally deform the 
membrane on length scales of ~10-20 nm231. Cryo-EM tomography studies have shown 
large-scale organization of these dimers into long rows along the tightly curved regions 
of the cristae156,157,231. Simulations have shown that in flat membranes such self-
association is driven through a desire to minimize membrane perturbuation71. It is thought 
that the tight curvature imposed by these dimers “staple” the inner membrane down, 
maintaining mitochondrial morphology. Indeed, these long dimer rows are not seen in 
mitochondria exhibiting aberrant morphologies157, and interestingly this organization is 
dependent on cardiolipin183. 
 Therefore, while we have clear evidence of a link between ATP synthase, 
cardiolipin, and inner membrane curvature, the causality is unclear. Does the lack of ATP 
synthase dimer rows in mitochondria with aberrant morphology indicate that those rows 
were the major driving force for tight curvature, or is the lack of curvature causative of the 





direct, or does a lack of CL lead to a lack of tight curvature, leading to dimer row 
dissociation. 
 In this study, we attempt to bridge some of the gaps in the field of mitochondrial 
simulations. Multiple studies of ATP synthase have been performed in flat bilayers71,231,232, 
but none have incorporated curvature as a starting point. Simulations have been 
performed on cardiolipin in a curved environment56,79, but these have been done in simple 
buckled systems which do not closely match the tripartite mitochondrial organization of 
boundary, junction, and crista. To address these issues, we perform coarse-grained 
molecular dynamics simulations of ATP synthase in cylindrical curved systems, and study 
how curvature affects the dynamics and association properties of ATP synthase dimers, 
as well as the organizational effect of cardiolipin in these systems. To further explore 
cardiolipin in a mitochondrial-mimetic setup, we set up simulations of cardiolipin-
containing bilayers in unique coupled morphologies, and maintain these shapes using a 
dummy-particle based approach developed by Yesylevskyy and others120 that we further 




All simulations used the Martini 2.2 forcefield27 with nonpolarizable water. Flat simulation 
configurations of CG bilayers were constructed using a modified version of the insane 
python tool136. Bilayer systems were composed of combinations of palmitoyl-oleoyl 





tetraoleoylcardiolipin model (TOCL, see results for details). Using the starting 
configurations as input, curved membranes were created using the BUMPy python tool142. 
Two curved shapes were simulated – simple cylinders, and mitochondrial mimicking 
systems. Mitochondrial systems were approximated with a double-bilayer setup. The two 
bilayers are connected by an apposed cylinder, with toroidal junctions making smooth 
continuous connections between the components (figure 4.1). The lipid compositions and 
geometric arguments provided to BUMPy for the various simulations are detailed in table 
4.1. In all systems carrying a net negative charge (containing TOCL or ATP synthase), 
















































Rcylinder: 10 nm 
















Mitochondrial 100% POPC Yes No 
0.96 
nm Rcylinder: 10 nm 
Lcylinder: 30 nm 
Rjunction: 10 nm 
















Cylinder 100% POPC No 1 
0.96 
nm 
Rcylinder: 5 nm 











Cylinder 100% POPC No 1 
0.96 
nm 
Rcylinder: 10 nm 
Lcylinder: 45 nm 
cylinder 100% POPC No 1 
0.96 
nm 
Rcylinder: 15 nm 
Lcylinder: 45 nm 










Table 4.1: Composite details about each simulation 
 The ATP synthase dimer structure for Saccharomyces cerevisiae was taken from 





structure, and so were removed. Missing sidechains were modelled in using Modeller234. 
The structure was then converted to Martini using the martinize.py script 
(http://cgmartini.nl), with an elastic network with default force constants restraining the 
conformation of the protein. ATP synthase dimers were embedded in cylindrical bilayers 
using custom python scripts to yield proper orientation and embedding depth. To avoid 
clashes, any lipids containing beads within 0.1 nm of any protein bead were removed. 
This combined with the soft-core potentials described in the next section allowed 
equilibration of systems without crashes. 
 Simulations of ATP synthase occurred in two types of setups. First, cylindrical 
systems containing single copies of ATP synthase dimers were created with varying radii, 
and umbrella sampling was performed on the dimer angular coordinate with respect to 
the direction of the cylinder. Second, two copies of ATP synthase dimers were placed on 
the same cylinder, and umbrella sampling was performed to observe long-range 
interactions between the dimers.  
Simulation methods 
Simulations were run using Gromacs 2018 (CL validation, dummy particle validation, and 
mitochondrial shape simulations) and Gromacs 2019 (ATP synthase simulations). 
Systems were first minimized using the steepest descent method with Van der Waals 
interactions scaled down with a soft-core potential, followed by a steepest descent run 
with normal potentials. For MD simulations, the timestep was gradually increased from 2 





Production simulations were run using the MD integrator with a propagation time 
of 20 fs. Temperature was maintained at 310K with the v-rescale algorithm, with a time 
constant of 1 ps. Some systems were run in the NVT ensemble, with pressure coupling 
turned off, while other simulations used pressure coupling (see table 4.1). Pressure was 
maintained at 1 bar with the Parrinello-Rahman barostat197 with a time constant of 12 ps 
and compressibility of 3 * 10-4 bar-1. In flat bilayer simulations, pressure coupling was 
semiisotropic. Short-range Van der Waals interactions were treated using the potential 
shift modifier method with a cutoff of 1.1 nm.  Coulombic interactions were treated with 
the reaction field method with the same cutoff.  
 A number of simulations were constructed with bracketing dummy particles. 
Dummy particle grids were constructed using BUMPy142, with inter-leaflet dummy layer 
separation of 6.5 nm and lateral grid spacing of 0.5 nm. Dummy particles only have 
repulsive interactions with the hydrophobic tail beads (C1 in the Martini model), modeled 
with a Lennard-Jones potential with a C(12) potential of 0.0258 kJ mol-1 nm-12 and the C(6) 
term set to 0. Dummy particles are frozen in place in some simulations, and in others are 
kept in place with a restraint force of 1000 kJ mol-1 nm-1. A subset of flat bilayer 
simulations were performed with a single adjacent dummy particle grid (rather than 2 
bracketing grids). The bilayer was then forced to interact with the grid with Z-dimensional 
constant force pulling, with force constants ranging from 0 to 500 kJ mol-1 nm-1. 
  To determine the pivotal plane location of pure CL bilayers, cylindrical bilayers 
were set up according to previously described protocols87,142, in which pores are induced 
to allow equilibration between leaflets, which are maintained using a flat-bottom potential. 





ratios of components, with 𝑧𝑜 = 𝑅(𝑝 − 1)/(𝑝 + 1), where R is the radius and p is the ratio 
of inner to outer lipid counts. Pivotal planes for POPC and DOPE were obtained from our 
previous publication142. 
 Single ATP synthase dimers were inserted into cylindrical membranes starting at 
an angle of 0o (the angle at which the monomer-monomer center of mass vector aligns 
with the long axis of the cylinder). To generate umbrella windows, steered MD was 
performed using the angle-axis option in Gromacs, with a pull rate of 0.0001 degrees / 
picosecond and a force constant of 500 kJ mol-1 radian-1. Windows were created from 
snapshots in 3-degree increments (31 windows from 0 to 90 degrees). Umbrella windows 
were then run with a force constant of 12,000 kJ mol-1 radian-`. For a description of 
simulation lengths and convergence, see the data analysis methods section. 
 Pairs of ATP synthase dimers were inserted in a cylindrical bilayer with center of 
masses 12 nm apart. To generate umbrella windows, the distance between dimer center 
of masses was increased using a pull potential of 1000 kJ mol-1 nm-1 and a pull rate of 
0.0001 nm/ps. It was necessary to maintain the angle of individual dimers at 90o with 
respect to the long axis of the cylinder (see description in results). To accomplish this, an 
angle-axis potential was applied with a force constant of 50,000 kJ mol-1 nm-1, applied 
between the membrane-bound rings and the solvent exposed “lobes” of the ATP synthase 
monomers. Umbrella windows were extracted in intervals of 0.5 nm from 10.0 nm to 28.0 






Most analyses were performed with a combination of custom python scripts and MDTraj 
routines235, including calculation of interphosphate distances. Areas per lipid were 
calculated using the Gromacs gmx energy tool. Lateral pressure profiles were calculated 
using Gromacs-LS, a modified version of Gromacs 4.5.5, and a reference atomistic profile 
was taken from Boyd, Alder and May56. 
 For analysis of lipid dynamics upon interaction with dummy particles, lipid splay 
was calculated as the angle between the bilayer normal and the vector connecting the 
phosphate bead to a terminal tail bead. Diffusion coefficients were calculated using a 
linear fit of mean squared displacement plots, with 𝑀𝑆𝐷 = 2𝑑𝐷𝜏, where d is the system 
dimensionality (2 for a flat bilayer), D is the diffusion coefficient, and τ is the specific time 
lag for a given MSD.  
 For some flat and mitochondrial systems, the force upon dummy particles was 
calculated. In frozen systems, the force can simply be read from Gromacs .trr files. As the 
dummy particles only interact with the hydrophobic core of the membrane, this can be 
simply interpreted as the force exerted to maintain curved membrane shapes. For 
simulations with restrained unfrozen dummy particles, the force can be calculated from 
the average position of the dummy particle relative to its reference position, given a 
specific spring constant. 
 For umbrella sampling, initial “burn-in” periods were estimated using the statistical 
inefficiency metric from Chodera236, and the initial data flagged as being correlated was 
not used in the calculation of free energy profiles. Simulations were run until every window 





decorrelation time of the observables were low with respect to total simulation time. The 
free energy profiles along the reaction coordinates were calculated using the dTRAM 
method of PyEMMA237. To estimate errors, the simulation data were then divided into 4 
equal chunks, and a separate free energy profile was calculated for each subset of the 
data. Error bars were then calculated from the standard error of the mean from each 
window.   
Results and Discussion 
Parametrization of CL model – The current Martini representation for oleoyl chains of 
lipids is a 4 bead model (CDCC, where D induces a kink in the chain)136. However, the 
CL model used in CG simulations to date56,74,79,194,232 still model the oleoyl chains with a 5 
bead model (CCDCC). To best model the mitochondrial membrane, we modified the tail 
parameters of TOCL to have all 4 chains composed of CDCC (figure 4.2 A). 
 We then simulated pure TOCL bilayers with both the old and new bead 
parameters, and compared several observables to atomistic simulations with the same 
composition. The atomistic trajectory analyzed was taken from56. The first parameter 
looked at was bilayer thickness, taken as the interphosphate distance (the central 
phosphorus atom was chosen for the atomistic measurement), shown in figure 4.2 C. The 
5-bead model was thicker than the atomistic model (4.602 +/- 0.004 nm and 3.98 +/- 0.01 
nm, respectively), whereas the new 4-bead model closely matches the thickness of the 
atomistic model (3.92 +/- 0.01 nm). We also calculated the average area per lipid of each 
system, shown in figure 4.2 B. The 4-bead and 5-bead models showed no significant 





underestimating APL compared to the atomistic value of 1.290 +/- 0.006 nm2, which 
closely matches an experimentally reported area per lipid of 1.298 nm2. 
 For a more detailed comparison, we calculated the lateral pressure profiles (LPP) 
of both CG systems, and compared them to the data from reference 56 (figure 4.3). The 
magnitudes of the positive and negative peaks do not greatly change between the CG 
models. However, the negative interfacial tension peak is shifted to better overlap with 
the same peak in the atomistic model. Likewise, the small head-group repulsive peak 
localizes closer to the atomistic peak, as does the internal peak signifying strain from the 
insaturation. Together, our results indicate that the 4-bead model better represents CL in 
a number of observables, while not significantly changing the area per lipid. 
Effect of Dummy Particles on bilayers 
The use of dummy particles as scaffolds to enforce membrane shape is tantalizing as it 
offers an avenue to exploring otherwise unstable morphologies120,142. However, the 
interaction of bilayers with these dummy particles has the potential for inducing non-
physical artifacts in bilayer structure and dynamics, particularly for the highly unstable 
shapes with the highest amount of interaction with the dummy particles. We therefore 
attempted to quantify the effects of the bilayer-dummy particle interaction with varying 
stabilities. This is not a straightforward task. One potential approach would be to simulate 
an unstable shape – e.g. a sphere with uneven lipid packing that would cause expansion 
or contraction. Under these conditions, the bilayer would then push up against the against 
the dummy particle layer, and the extent could be tuned by the degree of lipid density 





are observed, it may be impossible to distinguish dummy-particle based artifacts from 
normal curvature responses from lipid packing asymmetries.  
 Instead, we approach the problem using a flat bilayer and a single layer of dummy 
particles (figure 4.4 A). We enforce the interaction between the two with constant force 
pulling of the center of mass of the bilayer in the direction of the dummy layer, allowing 
us to scan a large range of interaction intensities. Given a bilayer area and a center of 
mass pulling with a certain force, the interaction between the bilayer and dummy grid can 
be expressed as a force per unit area, or pressure. We studied bilayer properties of 
systems with pressures ranging from 0 to 10 kJ mol-1 nm-3. We performed this analysis 
for systems with both frozen and position restrained dummy particles. 
 We chose two metrics to judge the effects of the interaction, lipid splay angles and 
diffusion coefficients. Figure 4.4 B shows the effects of the interaction on splay angles at 
all measured pressures for a system with frozen dummy particles, with the “top” leaflet 
directly interacting with the dummy grid. No change in splay angle can be observed for 
pressures of up to ~0.3 kJ mol-1 nm-3. For the top leaflet, increased pressure led to a 
decrease in the splay angle, indicating an ordering effect. The bottom leaflet remained 
unaffected at all measured pressures. Figure 4.4C shows the effect of the interaction on 
diffusion coefficients, which is negligible for all cases within our measured error. The 
same analyses were performed on a system with position-restrained dummy particles 
rather than frozen dummy particles, with largely the same result (data not shown).  
Bracketing dummy particles then seem to be a safe and efficient method to 
sculpting unique membrane morphologies, as long as the interaction between them is 





difference in dynamics (at least measured by splay angles) is quite small. The next section 
will explore measuring the extent of interaction between membrane and dummy layers 
beyond this control experiment. 
Measuring the magnitudes of bilayer-dummy particle forces 
We next asked if we could measure the applied force propagated through the bilayer to 
the dummy particle system. This is important for two reasons. First, if one can measure 
the extent of pressure exerted by a curved membrane, it can easily be ascertained 
whether the level of interaction is within the threshold for affected dynamics. Second, this 
ability would allow for examination of the “stress points” in heterogeneous morphologies, 
showing where instability presents itself with spatial resolution. Our flat bilayer setup is 
particularly well suited for examining this possibility, as we can exactly control the amount 
of pressure applied. 
 We measured the applied pressure of bilayers to dummy particles in both frozen 
and position-restrained setups using different methods. For frozen systems, we simply 
measured the force on each bead over time, which can be obtained from a Gromacs .trr 
files. Figure 4.5 A shows the applied vs measured forces for this system. As expected, 
the x and y components of the average force are close to 0, as no net pressure was 
applied in those dimensions. The measured forces in the z dimension closely match the 
applied force, indicating that we can correctly measure these forces. 
 For the position-restrained system, the average force can be inferred from the 
average position of the dummy bead relative to its reference, as the applied force will 





the results for this system. Though the results are slightly noisier, with increased error 
margins, the trend is the same as with the frozen systems. 
Measuring forces on mitochondrial membranes 
With our new cardiolipin model and ability to both enforce and probe the mechanical 
properties of membrane structure, we next wanted to study cardiolipin containing bilayers 
in a biologically relevant morphology. To achieve this, we constructed dual bilayer 
systems connected to a cylindrical “crista”, with toroidal junctions bridging the systems 
(figure 4.1). We first constructed systems with cylindrical and toroidal radii of 10 nm, and 
a cylindrical length of 10 nm, bracketed by dummy particles as detailed in the methods. 
To examine the effects of membrane composition on the stability of these structures we 
constructed three bilayer compositions; one made of 100% POPC, one with 80% POPC 
and 20 % DOPE, and one with 80% POPC and 20% TOCL. 
 To simplify the analysis, we reduced the dimensionality of our system to lateral 
(x/y) radius from the system center, and z dimension from the system center. Thus, 
moving out from the center of the cylinder, the radius stays constant until the junction is 
reached, while the z coordinate increases (moving in both directions from the cylinder 
center). In the junction region, both the radius and z dimension increase. Finally, in the 
flat regime only the radius increases. In this reductionist setup we can bin up both the 
lipids and the dummy particles and assess trends as functions of this coordinate system, 
and can distinguish between the two leaflets. 
 In the 100% POPC system, we observed stress in two main locations. First, a mild 





nm (figure 4.6 A). Second, on the opposite leaflet in the junction region. These measured 
pressures were also present (and enhanced in magnitude) in the 20% DOPE simulation 
(figure 4.6 B). In contrast, the stress profile of the 20% TOCL simulation (figure 4.6 C) 
showed much less measured pressure throughout the structure. 
 One clear implication of this result is that incorporation of physiologically relevant 
quantities of TOCL reduces stress in these types of morphologies, and does so in a 
markedly different manner than DOPE, another purportedly conical lipid. It is unclear from 
this setup whether this difference is a total-curvature mediated effect, or if the role of 
Gaussian curvature plays a role in the differential behavior. It is interesting that the little 
stress that does occur in the TOCL-containing system occurs on opposite leaflets – the 
outer leaflet of the cylindrical region, and the topmost leaflet in the flat regime.  
Cardiolipin partitioning in mitochondrial membranes 
We next decided to examine the distribution of lipid species in the cardiolipin-containing 
membrane. In a similar manner to force measurements, we discretized the system using 
the reduced radial-z coordinate system, and discriminated between leaflets. The results 
of this are shown in figure 4.7. We observed enhancement of TOCL concentration on the 
inner leaflet of the cylindrical region, and vice versa for the outer leaflet of the same 
region. This is expected given the negative curvature of the inner leaflet and the positive 
curvature of the outer leaflet. Interestingly, the trend for each leaflet was completely 
inverted in the junction region. 
 The driving force for this behavior in the junction regions is unclear. One possibility 





corresponding distributions of the junction region are a result of the enhancements and 
depletions of the cylinder. Alternatively, the Gaussian curvature of the junction could play 
a role in partitioning. A thorough analysis of the mean and Gaussian curvature of each 
leaflet of the junction region may provide some insights in future work. 
ATP synthase rotational dynamics in curved membranes 
Minimization of curvature strain has been shown to be a driving force for ATP synthase 
dimer self-organization71,231, yet these simulations have only examined ATP synthase 
dimers in flat bilayers; the impact on native membrane curvature has yet to be explored 
in silico. We wished to see if ATP synthase dimers were able to self-organize in the 
presence of curvature. As a first attempt, we simulated single ATP synthase dimers in 
cylindrical bilayers with varying radii. Using an angular reaction coordinate, we probed 
the free energy landscape of ATP synthase rotation in a curved membrane. Our theory 
was that ATP synthase would have a strong preference to orient itself to match the 
existing curvature of the cylinder, and that the inter-monomer center of mass vector would 
be most favorable at an angle of 90o with respect to the long axis of the cylinder, and that 
this effect would be dependent on the cylindrical radius. 
 Figure 4.8 shows the free energy profiles of ATP synthase dimers in cylinders with 
radii of 5, 10, and 15 nm. Several interesting aspects of the profiles are observed. In the 
regime of 0 to 45o, the trend was as expected. Aligning along the long axis of the cylinder 
comes with an associated energetic penalty. This makes sense in light of the work of 
Davies and coworkers231, who noted the induced curvature of ATP synthase dimers in flat 





is likely at play. The shapes of the profiles for all 3 systems are similar in this regime, 
perhaps indicating that the differences in curvature are too small to manifest in energetic 
differences. 
 An unexpected feature of the PMFs was that in the 5 nm system, the energy 
minimum occurred at around 40 degrees, rather than the fully cylinder-aligned 90 
degrees. Similarly, the 10 nm system showed a free energy minimum at around 55 
degrees. While we are unsure as to the nature of this phenomenon, we speculate that it 
could be due to the curvatures of the cylinders being more extreme than the preferred 
curvature of the synthase dimer. If this is the case, straddling the cylinders at an oblique 
angle may relieve the membrane from being forced into too flat of a configuration. This 
idea has some support in that the free energy at 90o is highest in the 5 nm system. 
Additionally, the 15 nm system shows a consistently decreasing energy towards 90 
degrees. If our theory is correct, the cylinder with a radius of 15 nm either matches the 
desired curvature of the ATP synthase dimer, or is slightly flatter. 
 It is tempting to speculate that the offset nature of the energy rotation could lead 
to variations in the morphologies that ATP synthase dimers produce. For example, in 
several species cristae contain tubular structures bound by helical rows of dimers238,239. 
These rows could be self-organized based on the non-aligned preference of ATP 
synthase dimers. In this scenario, the range of dimer association angles observed across 
species157 could be tightly coupled to emergent superstructure.  





Pairs of ATP synthase dimers have been shown to attract each other through a long-
range interactive force in flat membranes71. This is mediated through curvature 
minimization, as rows of dimers together minimize the impact on the flat membrane. 
However, in organelle, ATP synthase dimers localize to regions of tight curvature. We 
theorized that in these already-curved conditions, the basis for the long-range interactive 
force would be neutralized, and pairs of ATP synthase dimers might not sense each other 
through the membrane. To this end, we constructed a system of two ATP synthase dimers 
in a 10 nm radius cylindrical system, and performed umbrella sampling along the distance 
reaction coordinate analogous to the work of Anselmi and coworkers71. 
 The distance PMF can be seen in figure 4.9, and can be simply interpreted. From 
distances of > 14 nm, the free energy profile is completely flat within error, indicating that 
no interaction between the dimers could be detected. This result provides evidence to 
support our theory that curvature-based through-membrane attraction is nullified in 
already-curved systems. We note that at distances < 14 nm, significant perturbation of 
the ATP synthase dimer structure occurred due to attractive interactions between 
adjacent lobes of the monomers. This interaction is likely artefactual (the Martini forcefield 
has been demonstrated to overestimate attractive protein-protein interactions – see 
reference 240), and so we were unable to examine the energy profile at these close 
distances, which in another publication has been shown to be repulsive71. In that 
publication, the energy minimum is located at 13 nm, but this difference may be due to 
differences in the models used. 
 This finding suggests that while inter-membrane interactions may be key for 





role in the nucleation of membrane curvature, whereupon rows of ATP synthase dimers 
induce crista-like curvature in the membrane. Upon membrane curvature induction and 
the formation of proper cristae, it may be that other forces keep these rows in place, such 
as the rotational sensitivity demonstrated in the previous section.  
 
 
Future directions  
This work serves as an initial foray into physiologically relevant simulations of 
mitochondrial phenomena. The techniques herein should be expanded upon in future 
work, and the preliminary results of this chapter offer several avenues for future studies. 
In the mitochondrial studies, a next step would be to investigate curvature-based 
phenomena over a range of geometries, rather than the one geometry used here. It has 
been shown that in extremely tight curvature regions, cardiolipin aggregates more 
strongly than phosphatidylethanolamine; it would be interesting to observe this trend in 
more tightly curved mitochondrial setups, and also to examine the forces required to 
maintain these structures, which one would expect to increase with more unstable 
morphologies. 
 The work involving ATP synthase can also be extended. Our theory of curvature 
mismatch leading to angled dimers in cylinders could be verified by simulations of more 
intermediate curvatures – in this case, one would expect ATP synthase to align normal to 
the axis once the mean curvature matches its preferred curvature. For the translational 





that as curvatures get flatter, the curvature-based interdimer attraction might reappear at 
























Figure 4.1 Structure of mitochondria-mimicking bilayers, annotated with the parameters 
describing geometry. A) Side-on view, with the top half cut away to show the bilayer 




















Figure 4.2. Validation of cardiolipin model. A) Schematic of the topology of the 5-bead 
(left) and new 4-bead (right) models. Blue beads are glycerols, red beads represent 
phosphate groups, yellow beads represent saturated tail beads, and the tan beads are 
tail chains modeling insaturation. B) Area per lipid comparison of pure CL bilayers with 
atomistic and two coarse-grained models. C) Bilayer thickness of the same systems, 













Figure 4.3. Lateral pressure profiles of pure cardiolipin bilayers with a number of 
























Figure 4.4. Effect of dummy particles on bilayer properties. A) Schematic of the setup, 
in which a bilayer is pushed into a grid of dummy particles using constant force pulling. 
B) Lipid tail splay angles with increasing bilayer-dummy layer interaction. The top leaflet 

















Figure 4.5 Measured forces between bilayers and dummy particles. A) the x, y, and z 
components of the measured force on the dummy grid compared to the applied 
constant force pulling, for a system with frozen dummy particles. B) The same 























Figure 4.6. Force distributions in mitochondrial-mimicking systems for both leaflets, with 
compositions of 100% POPC (panel A), 80% POPC, 20% DOPE (panel B), and 80% 











Figure 4.7 Distribution of cardiolipin in mitochondrial-mimicking systems, with 
dimensions Lcylinder = 30 nm, Rcylinder = 10 nm, and Rjunction=10 nm. The bulk 












Figure 4.8 Free energy of ATP synthase dimer rotation in cylindrical membranes, on 
cylinders with radii of 5, 10, and 15 nm. The free energy minimum was set to 0 in each 
PMF.  Error bars are 95% confidence intervals, obtained using details that can be 











Figure 4.9. Free energy profile of ATP synthase dimer pair interactions on a cylindrical 
membrane with radius = 10 nm, estimated from umbrella sampling. Error bars are 95% 
confidence intervals from standard errors. The details of error analysis can be found in 
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Molecular dynamics is a powerful tool to investigate atomistic and mesoscopic 
phenomenon in lipid bilayer systems.  These studies have progressed with the advent of 
increased computational power and efforts are now increasing being directed toward 
investigating the role of curvature and bilayer morphology, as these are critical features 
of biological processes. Computational studies of lipid bilayers benefit from tools that can 
create starting configurations for molecular dynamics simulations, but the majority of such 
tools are restricted to generating flat bilayers. Generating curved bilayer configurations 
comes with practical complications and potential ramifications on physical properties in 
the simulated system if the bilayer is initiated in a high-strain state. We present a new tool 
for creating curved lipid bilayers that combines flexibility of shape, force field, model 
resolution and bilayer composition. A key aspect of our approach is the use of the 
monolayer pivotal plane location to accurately estimate interleaflet area differences in a 
curved bilayer. Our tool is named BUMPy (Building Unique Membranes in Python) is 









Molecular dynamics (MD) is an increasingly powerful computational tool for the study of 
structure and dynamics of biological macromolecular systems. MD studies of lipid 
membranes typically consist of periodically constrained lipid bilayers in a rectangular box 
simulated at constant pressure, which prevents the formation of high curvature or 
complex topological states, though some curvature-related properties such as the bilayer 
bending modulus48,59,85,204,241 and the spontaneous curvature27,53,98 can be estimated 
from equilibrium properties of a flat bilayer. However, biological membranes exist in 
complex configurations (e.g. the endoplasmic reticulum, mitochondrial inner membranes) 
and these configurations are often critical states in biological processes such as 
endocytosis, cell division, and chemotaxis. Hence, in recent years interest has grown in 
simulating curved lipid systems, which have  included vesicles87,96,97,99, cylinders48,87,101, 
fusion intermediates105,106,111,114,115, and membrane buckles56,79,83,85,89.  
While a number of useful tools exist for investigators to generate flat lipid bilayers 
at both atomistic and coarse-grained resolution to initiate MD simulations102,133,136–
139,218,242, the tools for generating curved lipid systems are more sparse. Simulations of 
vesicles can be set up using the CHARMM-GUI102 coarse-grained vesicle builder, 
Packmol140, or LipidWrapper141. Packmol has the additional capacity for setting up 
ellipsoid shapes as well as cylinders, while in principal LipidWrapper can generate any 
curved topology, though the process for creating some complex shapes in LipidWrapper 
requires modeling in 3rd party software. Of the above tools, the CHARMM-GUI Vesicle 





Packmol are flexible both in force field and lipid composition. Other tools not discussed in 
detail here support forming nonbilayer structures such as micelles,137,143,144 and inverted 
hexagonal phases145. 
An important consideration when assessing tools for generating curved lipid 
systems is the treatment of interleaflet ratios, as the outer leaflet in any curved bilayer will 
have a larger area (and therefore more lipids) than the inner leaflet. The extent of area 
mismatch between leaflets depends on the topology in question and the degree of 
curvature, and is not trivial to estimate. In a closed shape such as a vesicle, inaccuracies 
in interleaflet ratio estimation can lead to changes in shape and/or artifacts arising from 
nonequilibrium lipid packing. Of the tools listed above, only CHARMM-GUI directly 
addresses this concern, using an empirical model to estimate lipid counts and interleaflet 
ratios for vesicles. Even in this case, the CHARMM-GUI protocol recommends a lengthy 
equilibration process using artificial pores to account for errors in the initial estimates. 
Packmol and LipidWrapper do not directly control interleaflet ratios when building 
bilayers, and the resulting lipid ratios and densities are a result of the tools’ packing 
procedures. 
The key to calculating correct interleaflet ratios is determining the respective 
surface areas of the inner and outer monolayers of the curved bilayer, at which point they 
can be populated according to the areas per lipid calculated in flat bilayers. However, the 
definition of a molecular surface cannot be unambiguously defined and the choice of 
atoms used to define the surface will ultimately affect the surface area calculated for a 
curved system. The approach we have taken is to calculate the surface area of the curved 





area in a flat or curved system1. Therefore, we believe our approach removes a degree 
or arbitrariness to the surface area calculation and allows us to construct curved bilayer 
systems with optimal interleaflet number ratios. 
 We are motivated by our observation that current tools for creating curved starting 
structures for MD simulations are limited in the range of shapes that can be created, and 
do not properly address the problem of accurately predicting interleaflet area differences. 
Herein, we present a new approach for generating in silico curved lipid membranes for 
starting configurations for MD simulations called BUMPy (Building Unique Membranes in 
Python). BUMPy is a versatile tool that can create any number of shapes and is 
independent of both lipid type and forcefield. The current BUMPy repository includes 
commonly simulated shapes that lack implementations in other software packages, such 
as buckles, tethers, and elongated vesicles. Furthermore, we demonstrate that our 
approach accurately addresses the interleaflet ratio problem by determination of the 





In BUMPy, generation of different curved shapes is accomplished by geometric 
transformations to the coordinates of flat bilayer systems. To generate a cylindrical shape, 
a flat patch of bilayer is selected with lateral dimensions corresponding to the length and 
circumference of the desired cylinder (Figure 5.1A and B). The Cartesian coordinates 
along the axis with dimensions of the cylindrical circumference are projected as angles 





dimension are then calculated according to a sine and cosine description of a circle, with 
𝑥′ = 𝑅 ∗  sin(𝜃) and 𝑧′ = 𝑅 ∗ cos (𝜃). Spherical shapes are generated using a similar 
procedure to that for cylinders. Rather than describing positions with Cartesian 
coordinates, the bilayer positions are transformed to polar coordinates, and the angles 
for transformation are calculated as a function of the radial coordinate, while retaining 
angular coordinates (Figure 5.1C). 
 It may be of interest to create geometries with radial symmetry (cylinders, spheres) 
and couple them to flat bilayer patches. The interface between the two systems is 
modeled by a toroidal junction (Figure 5.1D), the shape of which is determined both by 
the radius of the radially symmetric system being coupled, as well as a radius defining 
the sharpness of the junction. 
 
Area Matching  
Transformation of flat coordinates to curved shapes will create area strain if both 
monolayers have an equal number density of lipids. Consider the transformation of a flat 
patch of bilayer to a cylinder with a radius R, length L and thickness T. The inner leaflet 
will have a surface area of Ainner = 2πL(R – T/2), while the outer leaflet will have an area 
of Aouter = 2πL(R + T/2), but both leaflets have the same number of lipids as before the 
transformation, and therefore the resultant cylinder will have different areas/lipid in the 
inner and outer leaflet. Such a mismatch can only be equilibrated by interleaflet flip-flop, 
a process which takes place on time scales of minutes to hours243, far beyond those 





To account for area mismatch, the leaflets of the flat bilayer are transformed 
separately. The size of the patch corresponding to the outer leaflet is chosen to satisfy 
the size of a cylinder with a given radius of Router = (R + T/2), and likewise Rinner = (R – 
T/2) for the inner leaflet. The coordinates of both leaflets are then scaled to fit into a box 
matching the original cylindrical dimensions (Figure 5.2). Thus, the flat bilayer patch has 
an uneven density of lipids, that when transformed exactly matches the correct areas for 
the inner and outer leaflets and maintains equilibrium area/lipid values (assuming the 
initial flat bilayer is well equilibrated). A similar procedure is performed for spheres and 
toroidal junctions: the initial outer and inner monolayer slices are chosen to be circles with 
different radii based on the thickness.  
Spheres and junctions require an additional rescaling step before transformations, 
as flat surfaces cannot be directly mapped onto morphologies with multiple non-zero 
principal curvatures without accruing local area strain. In other words, the total number of 
lipids can be accurately estimated, but a simple linear scaling of the flat region into a circle 
with correct dimensions would lead to local density imbalances upon transformation. To 
account for this, in spherical and toroidal junctions the flat coordinates are scaled 
nonlinearly to generate an even density on the spherical surface. Details on the scaling 
method are provided in the Supporting Information (SI). 
To match areas in the manner described above, the choice of thickness must be 
carefully chosen. The pivotal plane (zo) of a monolayer is the surface that does not deform 
when the monolayer undergoes a curvature deformation1,244. Critically, this allows us to 
compare the areas of flat monolayers to curved monolayers by measuring the surface 





shape with a desired radius R, the area of the outer monolayer can be estimated by 
calculating the surface area of a shape with radius R + zo, and likewise R – zo for the inner 
monolayer. Throughout this work we will denote the pivotal plane of a monolayer as a 
distance zo from the center of a bilayer. It should be noted that zo is more correctly the 
pivotal plane of a flat monolayer, and that the actual pivotal plane (z) varies slightly with 
curvature. The curvature correction to the pivotal plane distance is small for moderately 
curved systems87 and is only relevant for very high curvatures as it falls off quadratically 
with curvature, so we will neglect the correction in our approach. 
 
Software Implementation Details  
BUMPy is implemented in Python as a command-line tool. It can be freely downloaded at 
www.github.com/MayLab-UConn/BUMPy, along with usage details and examples. 
NumPy is the only required dependency of BUMPy. BUMPy has been tested with Python 
3.6.0 and NumPy 1.11.3. BUMPy is capable of building systems with upwards of 10 
million particles on a typical desktop computer, and can create systems with over 500 
million particles on a high-RAM machines. Performance details are provided in 
Supporting Information (Figure 5.S1), as well as sample command line usages. 
 
Simulation Methods 





The majority of simulations in this work were performed using the coarse-grained Martini 
forcefield with standard (nonpolarizable) water27. Additional simulations were performed 
using the atomistic CHARMM-36 additive forcefield217. Flat bilayer systems were created 
using the insane bilayer builder136 for the Martini systems, while the CHARMM-GUI 
Membrane Builder242 was used to  create atomistic bilayers compatible with the 
CHARMM-36 forcefield. Cylinders, spheres, and other shapes were then generated from 
flat systems using BUMPy and solvated using the gmx solvate tool in GROMACS.  
 
Coarse-grained Simulation Parameters 
 All simulations were performed using GROMACS 2016216. Energy minimization and 
initial equilibration followed the protocol suggested by the CHARMM-GUI Martini maker. 
Initial energy minimization was performed using the steep integrator with soft-core 
potentials for short-ranged interactions, allowing tolerance for overlapping particles. An 
additional round of energy minimization with the steep integrator was then performed with 
soft-core potentials turned off. The minimization steps were followed by several short 
simulations (10,000 steps) using the MD integrator, iteratively increasing the timestep 
from an initial step of 2 fs to a final timestep of 20 fs, while applying position restraints to 
the lipid phosphate beads. Simulation times here are reported without scaling. 
All subsequent simulations used the MD integrator with a timestep of 20 fs. 
Electrostatic interactions were shifted to 0 at a distance of 1.1 nm using the reaction-field 
method with reaction field dielectric (εrf) set to infinity, and van der Waals interactions 





suggested by de Jong and colleagues28. Temperature was maintained at either 300 K or 
33 K using the v-rescale algorithm with a time constant of 1 ps, with the solvent and 
bilayers coupled separately.  
Pressure coupling was accomplished using the Parrinello-Rahman barostat197 with 
a time constant of 12 ps and a compressibility of 3 * 10-4 bar-1. Spherical systems were 
simulated using isotropic pressure coupling with a reference pressure of 1 bar. Cylindrical 
systems were simulated using semi-isotropic pressure coupling, with the long axis of the 
cylinder aligning with the z-dimension, using a reference pressure of 1 bar in both the z 
and x/y dimensions. Simulations of flat bilayers were performed with semi-isotropic 
pressure coupling with both the lateral and normal direction pressures coupled to a 1 bar 
pressure bath.  
 
Atomistic Simulation Parameters 
An all-atom vesicle composed of 1,2-dipalmitoyl-sn-glycero-3-phosphocholine lipids 
(DPPC) was constructed with a radius of 5 nm and simulated with the CHARMM-36 
forcefield. The equilibration procedure was similar to that of the coarse-grained systems, 
involving a short energy minimization using soft-core potentials, followed by a longer 
minimization without soft-core potentials, and then successive rounds of equilibration with 
restraints on the phosphorus atom. A time step of 2 fs was used, with the Verlet cutoff 
scheme. Lennard-Jones interactions were cut off at 1.2 nm and modified with the force-
switch option of GROMACS between 1.0 and 1.2 nm. Coulombic interactions were 





Particle Mesh Ewald method. Temperature was maintained at 330 K using the Nose-
Hoover thermostat, and isotropic pressure coupling was maintained using the Parrinello-
Rahman barostat, with a time constant of 5 ps, a compressibility of 4.5 * 10-5 bar-1, and a 
reference pressure of 1 bar. 
 
Pore Formation Protocol 
Pores were induced in cylinders and vesicles using the protocol of Qi and colleages102, 
using flat-bottom potentials in GROMACS to allow for lipid flip-flop and equilibration 
between the bilayer leaflets. The Martini 2.0 lipid forcefield provided by CHARMM-GUI 
contains the relevant parameters and only requires an input in the GROMACS .mdp 
simulation parameter file to activate the potentials. Vesicles were equilibrated with 6 
pores, two along each major axis, while cylinders were equilibrated with 4 pores (along 
two axes), all with a force constant of 1000 kJ mol-1 nm-2. A pore radius of 1 nm was found 
to be the smallest for which interleaflet flipflop was observed. Most simulations were 
simulated with a 1 nm radius pore for a brief (2 ns) equilibration period, followed by a 200 
ns simulation with a pore radius of 2.0 nm for accelerated flipflop, then a 400 ns simulation 
with a 1.0 nm pore for data collection. 
 
Dummy Particles 
While BUMPy can generate bilayers of various shapes and curvatures, these systems 
may be unstable if the bilayer properties (e.g. spontaneous curvature, bending modulus) 





properties under these conditions and we demonstrate how a lipid bilayer can be made 
to maintain an otherwise unstable shape. A semicylinder-plane system (see Figure 5.6 
and Table 5.1) was bracketed on either side of the bilayer with a grid of dummy particles, 
which is a modified version of the protocol implemented by Yesylevskyy and 
coworkers120. The dummy particle grid was created with lateral spacing of 0.5 nm and an 
interleaflet thickness of 4.6 nm, and particles were anchored in place with position 
restraints using a force constant of 1000 kJ mol-1 nm-2. The dummy particles only 
interacted with the hydrophobic tail beads of the bilayer, while all other interactions were 
turned off. The potential between dummy particles and tail beads was modeled with a 
purely repulsive interaction by using a Lennard Jones potential with the C(12) parameter 
set to 0.0258 kJ mol-1 nm12 (corresponding to ϵ = 2.0 kJ mol-1, and σ = 0.62 nm), and the 
attractive C(6) parameter set to 0. 
 
Data Analysis 
The pivotal plane of a lipid monolayer can be calculated from vesicles and cylinders that 
are in transverse (interleaflet) equilibrium. Wang and Deserno87 derived a relationship 

















∗ 𝑅            (𝐸𝑞. 5.2) 
 
Therefore, to calculate zo, we need only to simulate a vesicle or cylinder to equilibrium by 
inducing pores, then measure the resulting radius and interleaflet ratio. 
 
Calculating interleaflet ratios and radii  
Simulation trajectories were processed in Python using MDTraj235. To assign lipids to 
leaflets on a dynamic basis, cartesian coordinates were converted to cylindrical 
coordinates (in the case of cylinders) or spherical coordinates (in the case of vesicles). 
The radii of the phosphate beads (RP) were then compared to the radial position of the 
terminal tail bead (Rt) in the same molecule, and lipids were either assigned as inner (RP 
> Rt) or outer leaflets (RP < Rt) on a frame-by-frame basis. In each frame, the radius of 
each leaflet was individually calculated as the average of the phosphate radii, and then 
the leaflet radii were averaged to obtain the bilayer radius. 
 





Lateral Pressure Profiles (LPPs) for flat bilayers were calculated using GROMACS-LS19, 
a modified version of GROMACS 4.5.5. For analysis of LPPs, coordinates and velocities 
were saved every 5 ps for 100 ns, for a total of 20,000 frames per simulation. LPPs along 
the z axis of the bilayers were calculated with 0.01 nm resolution. 
Diffusion coefficients 
Lipid diffusion coefficients were calculated for vesicle systems by calculating the mean 
squared displacements of lipids over a range of lag-times and calculating a linear fit to 
the equation 𝑀𝑆𝐷 = 2𝑑𝐷𝜏, where MSD is the mean squared displacement at a time lag 
τ, d is the dimensionality and D is the diffusion coefficient. In this case, the vesicle was 
treated as a 2-dimensional surface (d=2). Mean squared displacements of individual lipids 
were calculated by calculating the arc length along the sphere between initial positions 
and positions after a lag time of τ. The measured displacements are therefore dependent 
on the radius of the vesicle. The use of the bilayer radius is inappropriate in this case, as 
the area of the outer monolayer is greater than that of the inner monolayer. We therefore 
calculated the displacements and diffusion coefficients of the inner and outer monolayers 
separately, and used the location of the pivotal plane of each monolayer as the radius for 
calculating arc lengths and displacements. 
 
Results 
Stability of BUMPy-generated systems 
The geometric transformation procedure applied when creating shapes with BUMPy has 





numerical instabilities. First, since all coordinates are transformed, the mapping from a 
flat to a curved environment causes a change to the internal coordinates of each 
molecules. The extent of this change depends on the magnitude of curvature, and under 
high curvature conditions this effect could become energetically unfavorable. Second, 
BUMPy is able to combine multiple “building-block” shapes into complex geometries. At 
the interface between building block segments steric clashes between lipids can arise, 
which would be unfavorable. Third, since BUMPy performs transformations on 
monolayers and then reassembles the bilayer, this practice can lead to clashes at the 
inter-leaflet interface. Particularly in the second and third cases, overlap of particle van 
der Waals radii can lead to systems with potential energies with magnitudes beyond 
machine precision, in which case energy minimization can fail. This difficulty can be 
mitigated with the use of soft-core potentials245,246, which scale down the magnitude of 
non-bonded interactions, reducing energies so that minimization proceeds. Indeed, this 
is the suggested protocol (for example) when minimizing a Martini system obtained from 
the CHARMM-GUI. We have found that a short (50 step) soft-core minimization in 
GROMACS with default parameters, followed by a typical equilibration scheme is 
sufficient for numerical stability with every shape in the repository, and for every lipid type 
we have tested. 
 
Estimating zo from spheres and cylinders 
The pivotal plane of a monolayer can be calculated as a function of the radius and 
interleaflet lipid ratio for spherical and cylindrical bilayer systems using eq. 5.1 and eq. 





timescales, we implemented a modified version of a relaxation protocol that has been 
used in several previous studies25,97,101,102, in which pores are induced in the bilayer using 
cylindrical flat-bottom potentials. Lipids can then migrate between leaflets with their 
headgroups facing the hydrophilic channel. 
 Initially, we constructed a cylindrical bilayer with a 10 nm radius to test the 
feasibility of measuring zo based on interleaflet ratios and radii. To our knowledge, the 
only in silico report of zo location comes from the work of Wang and Deserno87, in which 
they calculated the zo of a Martini DMPC bilayer to be 0.85 +/- 0.011 nm, via a buckling 
protocol. For comparison purposes, we adopted the same lipid composition and 
temperature (300 K) in our system, though we note some simulation parameter 
differences, notably in the timestep and pressure coupling schemes. Our initial system 
setup was generated using an initial guess of  𝑧𝑜
𝑖  = 1.0 nm. Throughout this work we will 
denote initial estimates of pivotal plane locations used by BUMPy to create shapes as  𝑧𝑜
𝑖 , 
while actual observed values of the pivotal plane locations once equilibrated are denoted 
by zo. With a 2.0 nm pore radius, the observed zo converged to ~0.85 nm within 50 ns 
(Figure 5.S2). After 200 ns, the pore radius was reduced to 1.0 nm, and zo remained 
constant at 0.85 nm within fluctuations.   
To test the robustness of our zo estimates with respect to geometry and curvature, 
we constructed vesicles and cylinders with radii ranging from 5 nm to 20 nm in 5 nm 
increments and calculated zo values after allowing interleaflet equilibration through pore 
formation. Figure 5.3A shows the observed radii and interleaflet ratios with reference 
lines fit to a zo of 0.85 nm, and Figure 5.3B shows the resulting calculated zo for each 





and Deserno87. Observed zo values for cylinders closely matched the reported value, 
falling within error for all radii. In the cylindrical systems, a slight drift towards higher radii 
was observed. The semi-isotropic pressure coupling scheme allows for volume and 
aspect ratio changes, resulting in the cylinders contracting in the longitudinal dimension 
and expanding in the circumferential dimension. However, the observed interleaflet ratios 
still lie along the contour defined by a zo = 0.85 nm (Figure 5.3A, red), indicating that the 
relationship between R, ρ and zo is well accounted for by eq. 5.1.  
Likewise, eq. 5.2 appears to model the same relationship for vesicles (Figure 
5.3A, blue). However, when determining the zo for spherical systems, we observed a 
small but statistically significant and consistent difference, with zo values for spherical 
systems consistently 0.03-0.05 nm higher than for cylinders of the same initial radii as the 
spheres (Figure 5.3B, blue). We are unsure as to the origin of this discrepancy, but 
speculate that the flat-bottom pore potential may play a role. Induction of pores in a vesicle 
introduces a lipid-excluded area to the vesicle surface. This must lead to either area strain 
in the vesicle or expansion to add more surface area. Inflating the vesicle may affect the 
apparent zo on its own, but also may affect the interleaflet ratio, as the extent of curvature 
has changed. In contrast, the cylindrical systems can relax area strain through the 
pressure coupling mechanism (by expansion along the longitudinal direction at constant 
radius). The impact of zo differences of this magnitude is explored below. 
 





The previous systems were generated using BUMPy with an  𝑧𝑜
𝑖 =1.0 nm. We then 
generated DMPC cylinders with 10 nm radii using  𝑧𝑜
𝑖  = 0 nm (equal lipid numbers between 
leaflets) and  𝑧𝑜
𝑖  = 2.0 nm to assess the numerical stability of systems with an inaccurate 
estimate for zo, as well as to confirm convergence to the actual zo when subjected to pore-
based equilibration. In both systems, the cylinders minimized and equilibrated without 
issue, and the final observed zo values were in agreement with earlier measurements, 
converging within 40 ns (Figure 5.3C).  
 
Effect of  𝒛𝒐
𝒊
 on bilayer properties 
The results shown in Figure 5.3 demonstrate that a pivotal-plane based description of 
interleaflet area differences is consistent across a range of curvatures, and that given the 
ability to equilibrate, systems with different starting  𝑧𝑜
𝑖 s will converge to the same value. 
However, the presence of a small but statistically significant difference between observed 
zos in spheres and cylinders indicates some systematic error in the measurement of zo. It 
is therefore important to determine to what extent an erroneous zo estimate affects system 
properties, especially if one were to bypass the pore-based equilibration (which would be 
required when simulating bilayers with interleaflet compositional differences). To assess 
the potential impact of zo-based interleaflet mismatches, we created spherical systems 
with initial radii of 10 nm, and used a range of  𝑧𝑜
𝑖 s as inputs to BUMPy. A larger  𝑧𝑜
𝑖  has 
the effect of increasing the ratio of outer leaflet to inner leaflet lipids. The effect of  𝑧𝑜
𝑖
 on 
lipid counts and areas is quantified for a 10 nm radius sphere composed of DMPC in 





and several system observables were then compared between the systems. Figure 5.4A 
shows calculated radii for vesicles created with  𝑧𝑜
𝑖  ranging between 0 (equal interleaflet 
numbers) and 1.8 nm. As  𝑧𝑜
𝑖  is increased, the radius monotonically decreases, though 
between a  𝑧𝑜
𝑖
 of 0 and 1.8 nm, the spread is only 0.2 nm total, and differences in radii 
between systems constructed using  𝑧𝑜
𝑖  values of 0.6 nm and 0.8 nm or between 0.8 nm 
and 1.0 nm are 0.021 nm and 0.031 nm respectively. Changing the  𝑧𝑜
𝑖
 estimate therefore 
has a measurable but quite small effect on the observed radius. In each case, the 
observed radius is larger than the target radius of 10.0 nm by 0.05 to 0. nm, the origin of 
which is speculated on below. 
 To examine whether the differences in interleaflet ratios impact lipid structure and 
dynamics, we calculated the splay angles between the monolayer outward normal vector 
and the vector between the phosphate and a terminal tail bead (Figure 5.4B). With 
increasing  𝑧𝑜
𝑖 , the splay angles of the inner leaflets increase while the splays in the outer 
leaflets decrease. As the differences in radii between the systems are minor (Figure 
5.4A), the findings can be interpreted simply as a result of area strain. Systems with 
higher  𝑧𝑜
𝑖 s have more lipids in the outer leaflet, effectively decreasing the area per lipid 
in that leaflet (Figure 5.S3A and C), while the opposite effect is observed in the inner 
leaflet. The increased splay of the inner leaflet is a result of each lipid having a larger area 
and less lateral area strain, and vice versa for the outer leaflet. 
 An intriguing feature of the leaflet splay analysis is the  𝑧𝑜
𝑖  at which the splay angles 
of the inner and outer leaflets match each other does not coincide exactly with the correct 
zo of 0.85 nm, as might be expected. Matching splay occurs around  𝑧𝑜






𝑖  = 0.85 nm the splay angles of the inner leaflet lipids are larger than those of 
the outer leaflet. Such interleaflet lipid tail behaviors in equilibrated vesicles have been 
demonstrated before97, and indicate that the two leaflets have differences in lateral 
packing. In principal, this could be problematic, as the pivotal plane area-matching theory 
assumes equal areas per lipid between the two leaflets. However, the magnitude of the 
difference in splay at the correct zo is small (less than 5o), and such effects are expected 
to decrease with increasing radius. Nevertheless, the small differences observed here 
may indeed be responsible for the radius shifts observed in Figure 5.4A.   
  To measure the effect of  𝑧𝑜
𝑖  on lipid dynamics, we calculated the 2-dimensional 
lateral diffusion coefficients of the inner and outer leaflets (Figure 5.4C). The diffusion 
coefficients (D) for the outer leaflet were found to decrease with increasing 𝑧𝑜
𝑖 , and the 
opposite trend was observed for the inner leaflet. Again, the trends can be explained in 
terms of area mismatch; as lipids are added to the outer leaflet, increased packing of 
lipids slows the diffusion rates, and vice versa for the inner leaflet. Unlike with splay 
angles, it is not expected that the outer and inner leaflet trends should overlap at the 
correct zo. Diffusion rates in spherical systems are strongly attenuated by boundary 
effects, with the inner leaflet (with a smaller surface area) experiencing a larger reduction 
in diffusion compared to an infinite planar system247.   
 In sum, the effects of using an incorrect  𝑧𝑜
𝑖  are small but measurable, and are 
consistent with effects attributable to area per lipid mismatch. The range of  𝑧𝑜
𝑖  values 
explored was between 0 and 2 nm, whereas the calculated zo values for 3, 4, and 5 tail-
bead lipid models all fall within +/- 0.15 nm of a central value of roughly 1 nm, a range in 





of 1 nm will (at least for Martini systems) be sufficiently accurate for most simulation 
purposes, circumventing the need to directly calculate zo. For those simulations requiring 
extreme precision of the area per lipid, or for investigations that directly involve pivotal 
plane theory, the following section may provide additional insight. 
 
Predicting zo from flat bilayer properties 
Calculating zo via interleaflet equilibration of curved membranes requires relatively large 
systems and some computational expense, so ideally one would like to be able to 
estimate zo with reasonable accuracy from examining flat bilayer properties that are more 
easily assessed. To test this possibility, we calculated zo locations for a number of 
phosphatidylethanolamine (PE) and phosphatidylcholine (PC) lipids in the Martini 
forcefield using our cylinder-based equilibration protocol and performed simulations of flat 
bilayers with lipids of the same composition (see list of simulated systems in Table 5.S1). 
We calculated the average phosphate bead depths relative to the center of the bilayer, 
and compared them to our calculated zo depths (Figure 5.5). We found a linear 
relationship between phosphate and zo locations when comparing lipids with the same 
head group but varying acyl chain compositions. Figure 5.5B shows the zo locations as 
fractional depths with respect to the phosphate location. We found that the zo locations of 
PC lipids were consistently located at around ~50% of the phosphate depths, while the 
zo of PE lipids were found closer to ~43% of the phosphate depth. The use of phosphates 
as an indicator of membrane thickness is common but arbitrary, so we performed the 
same analysis using the first acyl tail bead proximal to the glycerol groups (Figure 5.S4A), 





 Experimental work248 and atomistic simulation49 of HII phases suggest that the 
pivotal plane of lipids lies close to the level of the glycerol moiety, roughly 2/3 of the 
distance from the bilayer center to the phosphate coordinate. In contrast, we find that zo 
values lie closer to the center of the monolayer (defined relative to phosphate depth), in 
agreement with Wang and Deserno’s calculation of zo for DMPC.  They suggested that 
such mismatch may be due to the coarse-grained nature of the Martini forcefield. The 
consistency of our results across a number of lipid types supports this suggestion. 
 Wang and Deserno noted that the zo location of DMPC closely aligned with a 
specific peak in the lateral pressure profile (LPP), and suggested LPP features as 
potential predictors of zo location87. To test this possibility, we calculated LPPs for all of 
our flat lipid systems (Figure 5.S5). Each lipid’s zo location was found in the general 
region of the first positive peak of the LPPs before the negative peak that represents 
interfacial tension. However, the shapes of the LPP peaks for many of the lipids are not 
as well-defined as that of DMPC, making a quantitative description of the positive peak 
unreliable. To quantify zo location in the context of LPPs, we compared calculated zo 
locations to two characteristics resolvable in all of the LPPs: i) the crossover point from 
positive pressure to negative pressure, and ii) the interfacial negative pressure peak 
(Figure 5.S4B-C). As with the phosphate positions, we found that the zo positions were 
located at certain fractions of the LPP features, but that the PC and PE trends were 
consistently different. Therefore, while zo positions can be found in similar regions of the 
LPP, a consistent quantitative extraction of zo location from LPPs suffers from the same 







Application to all-atom systems 
To determine the suitability of BUMPy for application to atomistic systems, we constructed 
a vesicle composed of DPPC with a 5 nm radius and performed a simulation using the 
CHARMM36 force field. The vesicle was stable over the course of a 50 ns simulation 
(Figure 5.S6), with an average radius of 5.32 +/- 0.26 nm. We note that determination of 
the pivotal plane using pore-based equilibration is likely computationally unfeasible for 
all-atom systems, and that the pivotal plane of an atomistic lipid likely does not match up 
with its CG counterpart. However, the pivotal plane of lipids can be calculated 
experimentally from inverted hexagonal phases248, so using experimental estimates of zo 
may be a plausible starting point.  
 
Shape repository 
The current list of shapes available in BUMPy are listed in Table 5.1 and selected images 
are shown in Figure 5.6. Once a template is created, users can apply it to build the 
specified geometry with any combination of size parameters and any lipid composition 
simply by specifying the parameters at the command line interface. The strategy of 
creating complex shapes from simple building blocks allows us to rapidly create these 
templates and add them to the repository. 
The capabilities of BUMPy have some overlap with existing software. For example, 
the ability to generate vesicles is also available in the CHARMM-GUI (but only for Martini 





that have been used in previous simulations but were generated either using in-house 
scripts or by application of forces to the simulation. These include capped cylinders99, 
buckles79,83,85,89 and tethers105,106 (similar to the double_bilayer_cylinder shape in the 
BUMPY repository). Additional shapes in the repository may not have a direct biological 


























Table 1. Current list of shapes available in BUMPy repository, with associated geometric parameters and shape-
specific notes. 
Shape Parameters Notes 




-basic building block 





-basic building block 




-basic building block 





























L_buckle is the length in the flat dimension 
 
 
Enforcing geometry using dummy particles 
The equilibrium shape that a bilayer adopts is governed by the minimization of bending 
energy, which has been accurately described by the Helfrich Hamiltonian that has 





Therefore if a bilayer is constructed into a shape which does not represent a minimum 
energy configuration, the initial configuration will be unstable . In an unrestrained system 
with high total or gaussian curvature, or those with lipid compositions whose intrinsic 
curvature preferences do not match the curvature environment, the shape will deviate 
from the initial configuration towards lower energy states. Indeed, a number of the shapes 
in our current repository either collapse upon release of position restraints, or have 
significant deviations in their equilibrium geometry, despite high accuracy in the estimate 
of the pivotal plane position. 
 Observation of the relative stability of various membrane geometries is an 
interesting topic of study in and of itself, but there may be scenarios in which it is desirable 
to enforce a geometry on a bilayer. Recently, Yesylevskyy and colleagues developed an 
approach to maintain curved lipid morphologies, in which membranes are bracketed on 
both sides of the bilayer by a grid of dummy particles, which only interact with the 
hydrophobic core of the bilayer120. With judicious selection of the distance of the dummy 
particle grid with respect to the bilayer center, and selection of the distance at which the 
repulsive interaction occurs, one can set up a system in which the dummy particles only 
interact with the bilayer when it deviates from its ideal geometry. 
 We have added an option to BUMPy that allows the user to add a grid of dummy 
particles to each side of the bilayer with a desired grid spacing and distance from the 
bilayer center. We have tested this implementation in a coupled semicylinder-bilayer 
system, and confirmed that the dummy particle setup results in maintenance of the 
previously unstable geometry (Supplemental Video 1). We note that while Yesylevskyy 





particle setup are applied to flat bilayers, there is as of yet no such study of the impact of 
dummy interactions in curved systems. We intend to test for any artifacts arising from the 
dummy particle protocol in future work.  
 
Discussion 
BUMPy is fast, versatile, and easy to use. To generate curved lipid systems with 
accurate lipid areas, the user must only provide an area-equilibrated flat bilayer and a 
value for the pivotal plane location. We note that this bilayer need not be minimized or 
equilibrated in the typical simulation sense, as the only quantity of the bilayer that must 
be accurately represented is the lateral area per lipid. Thus, if that quantity is known an 
unequilibrated bilayer with the correct area per lipid can be generated using insane.py136 
or some other tool and then used as an input for BUMPy.  
 Obtaining a reasonable estimate for zo is therefore the largest obstacle to 
accurately creating curved systems. Importantly, we have demonstrated that the zo values 
of a number of Martini lipids are clustered around 1 nm, and within that range, errors 
associated with misestimating zo are quite small. Thus, for most cases (using Martini), no 
additional simulations are required to estimate zo, and BUMPy users can proceed with an 
estimate of ~1nm. On the other hand, simulations for which extreme accuracy of area is 
required may need a more rigorous estimate zo, in which case the pore-based equilibration 
protocol may be employed.   
To calculate zo when using models that do not display fast transverse relaxation, 





Deserno put forward an additional method using buckled bilayers87). However, once zo is 
known it can be applied to build systems with any shape or size. We have determined zo 
for a small number of lipid types in the Martini forcefield (Table 5.S2), and will add to the 
repository over time. In addition, as the pivotal plane of more lipids become available, a 
systematic analysis of the effect of chain length, saturation and head group size may 
reveal trends that one can use to predict zo from chemical principles. 
One system type for which pore-based zo measurements cannot be directly made 
are membranes with intra-leaflet heterogeneity (i.e. systems with multicomponent 
monolayers). The calculation of zo using the method of Wang and Deserno assumes that 
the intrinsic area per lipid is constant between the leaflets. In a heterogeneous system 
with pores, lipids will partition to minimize the curvature frustration energy, disrupting the 
desired component concentrations in each leaflet. In these cases, one can estimate the 
zo as a concentration-weighted average of the individual components. Alternatively, one 
could estimate zo from HII phase simulations and different hydration levels45,49. 
 If one has a reasonable estimate of zo for a given system, the pore-based 
equilibration procedure can be skipped, which has advantages beyond simply minimizing 
computational expense. One potential benefit occurs when simulating heterogeneous 
and/or asymmetric bilayers. Lipids in heterogeneous vesicles have been demonstrated 
to partition differentially between the inner and outer leaflets to minimize curvature 
frustration, leading to asymmetric concentrations between the leaflets97. While this state 
represents the energy minimum of the system with respect to curvature energetics, it is 
sometimes the case that researchers wish to simulate systems with fixed lipid ratios, for 





composition249. Allowing interleaflet flipflop in a heterogeneous system inevitably leads to 
changes to the desired leaflet compositions. 
 Similarly, some of the shapes that are of interest for simulations separate the 
solvent in the system into multiple compartments, such as a vesicle. It may be desirable 
to simulate the separate water compartments with different conditions, varying factors 
such as ionic strength, pH, or osmotic pressure. In such situations, adding a hydrophilic 
channel connecting the compartments complicates maintaining those differences. 
 One potentially limiting factor of BUMPy is the assumption that the equilibrium area 
of a lipid in a flat bilayer is equivalent to that in a curved system. The consistency of zo 
measurements across a variety of curvatures (Figure 5.3) supports this assumption, but 
it may not hold at the most extreme curvatures. In addition, some lipids display unique 
characteristics in the presence of curvature. For example, polyunsaturated lipids in the 
outer membrane of vesicles have been shown to fold their acyl chains back up into the 
membrane, potentially affecting the area per lipid in that leaflet97. Such effects of 
individual lipid types are not accounted for in the area-matching implementation of 
BUMPy, and should be considered carefully when setting up simulations. 
 While the coordinate transformation-based implementation of BUMPy leads to 
complete flexibility of force field and lipid type, BUMPy currently only allows creation of 
bilayer-organized structures where individual molecules are assigned on a leaflet basis. 
In the future, BUMPy could be extended to applications involving monolayer-based 
phases such as micellar or inverted-hexagonal phases, as the concept of the monolayer 
pivotal plane still applies in these systems for estimating initial lipid densities. In principal, 





simulation field has explored, such as carbon nanotubes250. A final consideration is that 
BUMPy does not currently support embedded proteins. A tool already exists with facility 
for embedding (single or multiple) proteins into both flat and curved membranes251, which 
we suggest should be used for such purposes after generating curved lipid-only systems 
using BUMPy.  
 
Conclusions 
We have presented BUMPy, a tool for the creation of starting configurations for MD 
simulations of curved bilayers. In addition to being fast and easy to use, BUMPy allows 
for complete flexibility of membrane composition and is forcefield independent. The use 
of small, simple geometric building blocks to model more complex topologies allows for 
generation of a wide range of biophysically relevant morphologies, many of which (to our 
knowledge) lack any other published implementations, and is an easily extensible 
approach to adapt to future needs. Through zo-based area estimation we provide a 
quantitative approach to populating individual leaflets with the correct number of lipids, 




The supporting information contains example usages, description of nonlinear coordinate 
rescaling procedure, performance metrics for BUMPy, time-course analysis of zo 





locations with respect to different bilayer observables, LPPs for a number of lipids in the 
Martini forcefield, a video demonstrating the effect of dummy particles on membrane 
shape, a table detailing all simulations involved in this work, and a table listing the current 








































Figure 5.1. The basic building blocks of BUMPy. A) Transformation of a flat patch of bilayer 
into a cylindrical geometry. The x dimension of the flat bilayer corresponds to the circumference 
of the curved shape. B) Side view of the transformation from a rectangular patch of bilayer to a 
cylinder. C) Transformation of a circular patch of bilayer to a hemisphere. D) Transformation of 








Figure 5.2. Area matching in BUMPy. 1) An initial bilayer patch is larger than the required 
dimensions. 2) Slices of the original bilayer are taken separately by the top and bottom leaflets 
to match their specific area requirements, dependent on the requested geometry and zo 
location. 3) The top and bottom leaflets are scaled laterally to occupy the size corresponding to 
the requested geometry. At this point, the density of lipids in the top leaflet is higher than in the 
original bilayer, and the density in the bottom leaflet is lower than in the original bilayer. 4) The 






             
             












Figure 5.3. Validation of pivotal plane-based area calculations. All bilayers were 
composed of 100% DMPC. Error bars represent 95% confidence intervals estimated from 
standard errors A) Relationship between interleaflet ratios and radii for spheres and vesicles. 
The red and blue dashed lines are theoretical contours to zo=0.85 nm for cylinders and 
spheres, respectively. x and y error bars are smaller than markers. B) Calculated zo locations 
after equilibration for vesicles and cylinders. The dotted line is set at zo = 0.85 nm, with grey 
shading to indicate 95% confidence interval reported by Wang and Deserno. C) Time-course 














Figure 5.4. Effect of  𝒛𝒐
𝒊  on vesicles properties. Spherical vesicles were created using a range 
of  𝑧𝑜
𝑖  estimates, and simulated for 150 ns without allowing pore-based interleaflet equilibration. 
A) Equilibrated radius of vesicles. B) Splay angle between the phosphate beads and terminal tail 
beads. Splay is calculated as the angle between the outward normal vector and the vector 
pointing from the phosphate to the tail bead for the inner leaflet. For the outer leaflet, the inward 
normal vector is used. C) 2-dimensional diffusion coefficients for lipids in the inner and outer 




















Figure 5.5. zo for different lipids in the Martini force field. A) Relationship between 
phosphate positions and zo positions. B) Same data as panel A, with the zo locations plotted as 
fractions of the phosphate positions. In both figures error bars are 95% confidence intervals 
















Figure 5.6. Examples of shapes in the BUMPy repository. A) Cylinder. B) Sphere. C) 






BUMPy: A model-independent tool for constructing lipid bilayers of varying curvature and 
composition 
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Supporting Information contains example command line usage of BUMPy, description of 
the nonlinear coordinate rescaling procedure, six figures, one video and two tables.  
 
Sample BUMPy usage  
 
Create a cylinder with length of 20 nm, radius of 10 nm, using a zo value of 1 nm: 







Create the same system, writing out a basic GROMACS-compatible topology and index 
file 
bumpy.py -f flat_input.pdb -o cylindrical_output.pdb -n index.ndx -p topol.top -z 10 
-s cylinder -g r_cylinder:100 l_cylinder:200 
 
 
Create the same system, adding a surrounding grid of dummy particles, with the spacing 
between the dummy particle leaflets set to 6 nm, and the intra-leaflet dummy particle 
spacing set to 0.5 nm 
bumpy.py -f flat_input.pdb -o cylindrical_output.pdb -n index.ndx -p topol.top -z 10 
-s cylinder -g r_cylinder:100 l_cylinder:200 --gen_dummy_particles --
dummy_grid_thickness 60 --dummy_grid_spacing 5 
 
A more comprehensive set of examples can be found in the BUMPy repository 
 
Nonlinear coordinate rescaling procedure 
 
A problem arises when transforming a flat surface into a curved surface which has two 
non-zero principal curvatures. This can be realized when considering transforming a 
circular disc into a hemisphere. Area conservation will require Adisc = Ahemi (i.e. 𝜋𝑟𝑑𝑖𝑠𝑐
2 =
2𝜋𝑟ℎ𝑒𝑚𝑖
2 ), while the distance from the hemisphere pole to rim (at 𝜑 =
𝜋
2
 ) should seemingly 
match the disc radius, implying 𝑟𝑑𝑖𝑠𝑐 =
𝜋
2





conservation relationship. This can be understood because the area of a spherical cap, 
subtended by an angle φ,  will always be smaller than the area of a disc of radius rf, when 
𝑟𝑓 = 𝜑 ∗ 𝑟ℎ𝑒𝑚𝑖. Therefore a rescaling procedure is required to maintain a constant area 
density in the curved surface. We elect to perform a rescaling of the flat coordinates and 
then transform the rescaled coordinates into the curved surface.  
If it is desired to generate a hemisphere of radius 𝑟ℎ𝑒𝑚𝑖 containing N particles then 
each particle occupies an area of Ahemi/N.  The hemisphere is represented in spherical 
coordinates {rhemi, θ, φ} where rhemi is a constant, 0 <= θ <= 2π, and 0 <= φ <= 
𝜋
2
, with φ = 
0 being the pole of the hemisphere. To perform the rescaling, the φ coordinate can be 
subdivided into N φi values, each corresponding to an equal-area segment (concentric 
rings around the hemisphere pole). Note that the spacing of φi values will be nonlinear, 




 The corresponding flat bilayer upon which the geometric transformation will be 
performed is a circular disc of radius rdisc containing N particles, represented in polar 
coordinates {rf , θf}, where 0 <= rf <= rdisc, and 0 <= θf <= 2π . The radial coordinate will 
be rescaled (described below) mapping 𝑟𝑓 → 𝑟𝑓
′ , and the scaled coordinates can be 
transformed according to  
   𝑟𝑓
′ = 𝑟ℎ𝑒𝑚𝑖 ∗  φ  
The nonlinear rescaling proceeds as follows, given a target radius 𝑟ℎ𝑒𝑚𝑖, and a circular 






1. Calculate N φi values in the range (0, 
𝜋
2
) such that each dφ = φi - φi-1  generates a 
ring of surface area equal to Ahemi / N. 
2. Map each φi to a corresponding 𝑟𝑓
′ value in the flat segment (eq. S1), ordered from 
small to large 
3. Sort N particles by rf, ordered from small to large 
4. From the ordered lists, replace each radial coordinate, rf, by the corresponding  𝑟𝑓
′ 
value 
5. Proceed with geometric transformation preserving the angular coordinate, 
mapping {𝑟𝑓












Figure 5.S1. Performance of BUMPy. Performance metrics were calculated by using 
BUMPy to create spheres with increasing radii. A) Performance of BUMPy on a desktop 
computer with an i5-6600K 3.5 GHz processor and 16 GB RAM. B) Total time taken to 
build larger systems on a Xeon E5-2690v3 compute node with 128 GB RAM. C) Same 













Figure 5.S2. Pore-based equilibration of cylindrical bilayer. Time course of the 
interleaflet ratio (A), radius (B) and zo (C), measured in a cylinder built using BUMPy with 
a 10.0 nm radius with an initial zio=1.0 nm. The dotted line in the bottom panel shows a 












Figure 5.S3. Theoretical leaflet areas for system constructed using different  𝒛𝒐
𝒊 s. 
All calculations assume a sphere with R=10 nm, built from a flat bilayer with an equilibrium 
area per lipid of 0.59 nm2. A) Number of lipids per leaflet over a range of  𝑧𝑜
𝑖  estimates. B) 
Total number of lipids for systems with different  𝑧𝑜
𝑖 s. C) Resulting area per lipid in each 

















Figure 5.S4. Position of zo with respect to bilayer features. A) zo positions plotted 
against the position of the acyl bead closest to the glycerol groups. B) zo positions plotted 
against the position in the LPP which transitions from positive pressure to negative 















Figure 5.S5. Lateral Pressure Profiles (LPPs) of lipid bilayers at 330 K. LPPs are 
drawn from the center of the bilayer (z=0) to the solvent. Grey lines indicate 0 pressure. 











Figure 5.S6: Stability of an atomistic DPPC vesicle. The radius is plotted over the 
course of a 50 ns simulation. The vesicle was constructed from a pure DPPC bilayer with 










Table 5.S1. List of Martini simulations 
Lipid 
composition 
Shape Geometric Parameters T (K) Dummy 
particles 
DMPC* 
Cylinder R_cylinder: 5 nm, L_cylinder: 20 nm 
300 
No 
Cylinder R_cylinder: 10 nm, L_cylinder: 20 nm 
Cylinder R_cylinder: 15 nm, L_cylinder: 20 nm 
Cylinder R_cylinder: 20 nm, L_cylinder: 20 nm 
Sphere R_sphere: 5 nm 
Sphere  R_sphere: 10 nm 
Sphere R_sphere: 15 nm 
Sphere R_sphere: 20 nm 
Semicylinder-
plane 
R_cylinder: 10nm, L_cylinder:10 nm, 
R_junction: 5nm, L_flat: 
Semicylinder-
plane 
R_cylinder: 10nm, L_cylinder:10 nm, 
R_junction: 5nm, L_flat: 20 nm 
Yes 
DMPC* 



























*DMPC and DLPC are equivalent in the Martini lipid repository 
**The BG prefix is not in the standard Martini lipid repository. The tails of BGPC and 
BGPE are 5 beads long, with one tail fully saturated, the other tail with an unsaturated 






Table 5.S2. Current list of calculated zos, T=330K 
Lipid zo (nm) ±95% confidence interval 
DMPC* 0.84 0.011 
DPPC 1.00 0.012 
POPC 0.96 0.010 
DOPC 0.91 0.014 
DBPC 1.16 0.013 
BGPC** 1.10 0.015 
DGPC 1.05 0.012 
DPPE 0.90 0.011 
POPE 0.89 0.014 
DOPE 0.83 0.009 
DBPE 1.04 0.014 
BGPE** 1.01 0.010 
DGPE 0.97 0.009 
 
*DMPC and DLPC are equivalent in the Martini lipid repository 
**The BG prefix is not in the standard Martini lipid repository. The tails of BGPC and 
BGPE are 5 beads long, with one tail fully saturated, and the other tail with an unsaturated 
































The work presented provides key molecular observations in studies of membrane 
curvature that are relevant to our understandings of both biophysical phenomena and 
biological mechanisms. With a novel application of a buckling protocol, we were able to 
show the effect of cardiolipin incorporation on the mechanics and curvature propensities 
of model bilayers. Within this setup, we observed partitioning of cardiolipin to regions of 
negative curvature, in a manner different than phosphatidylethanolamine, another conical 
lipid. The uniqueness of cardiolipin in inducing these effects and in its strong curvature 
preferences may have direct impact on the function and structure of mitochondrial 
membranes. 
 The key role of cardiolipin was then further emphasized in studies of 
monolysocardiolipin, the phenotypic signature of the metabolic disease Barth syndrome. 
Through comparative atomistic simulations we discovered significant differences in head 
group dynamics between cardiolipin and monolysocardiolipin, and characterized the new 
hydrogen bonding patterns arising from the lysolipid hydroxyl. In addition to the molecular 
differences, we uncovered important bilayer-scale reductions in acyl chain exposure that 
could potentially disrupt binding of peripheral proteins. Through coarse-grained buckling 
simulations, we demonstrated that the unique curvature modulation tendencies of 
cardiolipin are not present in monolysocardiolipin, and that monolysocardiolipin displays 
greatly reduced partitioning to regions of negative curvature. These findings may directly 
correlate to the morphological aberrations present in mitochondria from cells with the 





 The relationship between mitochondrial membrane composition, structure, and 
function was further explored with a variety of molecular dynamics techniques. Membrane 
structures more closely mimicking the mitochondrial cristae topology were created and 
held in place using a novel application of a dummy particle-based protocol. In a method 
analogous to our buckling protocol, we observed cardiolipin partitioning to negatively 
curved regions of the membrane, with interesting aggregation trends in regions with both 
positive and negative Gaussian curvature. Extending the application of our dummy 
particle protocol, we were able to observe points of stress within these complicated 
curved structures, and showed that incorporation of cardiolipin greatly decreased the 
instability of mitochondria-mimicking morphologies, compared to PC and PE containing 
bilayers with the same shape. 
 We progressed further towards accurate modeling of mitochondrial membranes by 
incorporating ATP synthase, and extending the work of Anselmi71 and coworkers 
exploring the energy landscapes of ATP synthase conformation and self-interaction. We 
demonstrated that the proposed long-range interactive force between ATP synthase 
dimers is nullified in a curved environment, supporting the original authors claims that the 
observed interaction were curvature mismatch-mediated. Using umbrella sampling upon 
a rotational coordinate, we showed that ATP synthase dimers can sense their local 
curvature environment, and orient to best minimize curvature frustration in interesting 
ways. 
 The work presented in Chapters 2-4 as well as other work within the field highlights 
the importance of simulating membranes in their natively curved states. To improve the 





generate curved membranes of (nearly) arbitrary shape and composition. We detailed the 
technical challenges in building such a tool and the construction and amalgamation of 
simple building blocks to create more complicated morphologies. Using simulations of 
vesicles and cylinders with varying radii, we showed that equilibrium interleaflet area 
differences can be accurately estimated using a pivotal-plane based approach. 
 In sum, in this thesis we present a number of novel techniques and analyses to 
study curvature-based phenomena using molecular dynamics simulations. Our results 
provide insight to interesting biophysical problems while simultaneously exploring the 
relevant biology of mitochondrial shape and function.   
Future Directions 
The work performed could be added to and improved upon in a number of important ways. 
One useful avenue of improvement would be further validation of the models used. For 
the bulk of these studies, a decision was made to use the Martini force field27. The reason 
for this decision was that the mesoscopic nature of our simulations limits the time scales 
accessible for simulation, given the current computational resources available. The 
Martini forcefield is quite popular for large-scale lipid systems252, and indeed the tuning 
of the Martini interaction matrix was informed by calculations of curvature-related 
constants of several key lipids27. Still, the coarse-grained nature of the model may 
broaden out important molecular features for the systems studied. While a full 
reproduction of many of these studies in atomic detail remains infeasible, reproducing a 
smaller subset of these simulations with an atomic resolution force field would improve 





 Another intriguing area of extension for our mitochondrial membrane studies would 
be further incorporation of in situ biological details. Our original simulations of buckled 
membranes were by necessity quite reductionist in the level of details, and while the work 
of Chapter 4 improves on this from a membrane geometry perspective, we can still point 
to some important details that were left out. One physiological occurrence that has yet to 
be studied by us is the asymmetric nature of lipid composition across the leaflets of a 
bilayer. The inner mitochondrial membrane is highly asymmetric in cardiolipin 
concentration; for instance205,209. This transverse asymmetry could have interesting 
effects on the curvature-based mechanics of mitochondrial bilayers. 
   Another important biological context that we have largely ignored in our coarse-
grained studies is the effect of solvent composition. pH gradients exist between the matrix 
and intermembrane space in the vicinity of ATP synthase. While these differences do not 
manifest in significant solution charge differences on the volume scale of MD simulations, 
the effects on titratable groups can be enormous. Indeed, localized pH gradients have 
been shown to induce cristae-like invaginations in cardiolipin containing vesicles178. One 
way to model pH differences in our systems would be to vary the charge on the cardiolipin 
head groups between -1 and -2, with different concentrations of each species between 
the leaflets. 
 Similarly, we largely did not explore the effect of ion concentrations in solution. In 
particular, divalent cations have been shown to induce HII behavior in cardiolipin 
containing bilayers172. We have been limited in this respect by the resolution of the Martini 





accurately reproduce molecular binding of ions to head groups. An atomistic model would 
be more able to explore solution salt effects.  
 An important topic of our studies is the seemingly unique response of cardiolipin 
to curved bilayers. A number of interesting topics could be explored in this regard. First 
is the mechanism of cardiolipin partitioning. It has been proposed that lipid sorting is 
dampened on an individual molecular basis by the entropic cost of self-organization, and 
that lipid-lipid and lipid-protein interactions are essential for curvature sensing189. Our 
buckling studies seem to contradict this idea, as we demonstrate enrichment of cardiolipin 
in negatively curved monolayers without self-interactions. To further validate our findings, 
we could conduct simulations with varying concentrations of cardiolipin. If self-interaction 
is essential for partitioning, we should see reduction of partitioning for individual 
cardiolipin molecules with reduced overall concentrations.  
 A potentially related area of exploration is the study of the molecular characteristics 
of cardiolipin itself. The unique double-phosphate headgroup of cardiolipin confers a 
unique wedge-like shape (as opposed to a more isotropic cone). We speculate that in 
response to curvature cardiolipin could orient itself such that the wedge geometrically fits 
into the membrane morphology. To explore this, a series of cylindrical simulations could 
be run; if cardiolipin can sense curvature in this manner, one would expect some rotational 
anisotropy with respect to the long axis of the cylinder induced by curvature, and perhaps 
tunable with the extent of curvature. Of course, such an effect could not be observed in a 
spherical membrane geometry with equal curvature in all directions, cylinders do have 





 The mitochondrial mimicking setups could be further explored as well. The work 
presented here shows simulations with varied lipid composition but not varied 
morphology. It would be instructive to simulate these systems while systematically varying 
quantities such as the cylindrical tube radius and junction radius, and observing the 
effects on both measured pressures and lipid partitioning. Given the behavior of 
cardiolipin in the most extremely curved regions of our buckled bilayers, one might expect 
interesting features to emerge with extreme curvature in our mitochondrial mimicking 
systems. In addition, we could also study the effects of physiological conditions such as 
membrane asymmetry, pH and ion concentrations that were also mentioned in regard to 
the buckling simulations. 
 Our work on ATP synthase also has several interesting extension points. An 
interesting observation from biophysical studies is the variety of dimer interface angles 
that ATP synthase dimers present between species157. We speculate that the dimer angle 
might control the preferred membrane curvature environment of ATP synthase, and the 
extent of curvature perturbation when ATP synthase is in a mismatched environment. 
Combined with our observations on the rotational free energy profiles of ATP synthase 
dimers on cylindrical geometries, we could explore the relationship between ATP 
synthase dimer angle and imposed mitochondrial morphologies in greater detail. 
 One more avenue which we have not yet explored is the relationship of ATP 
synthase with cardiolipin. It would be fascinating to reproduce each of the studies 
presented in this work with cardiolipin containing bilayers. Indeed, cardiolipin is interesting 
not just for its general influence on bulk membrane properties, but also for its direct 





modes with the F0 rings of ATP synthase232, and it would be quite interesting to observe 
if these specific bindings are accompanied by particular concentration patterns in the 
membrane vicinity of ATP synthase as a membrane “fingerprint” that has been 
demonstrated to occur with other protein and lipid combinations69. One can imagine that 
these local concentration buildups would be affected by the membrane curvature, 
particularly with the perturbations induced by ATP synthase in flat or near-flat bilayers. 
 Finally, there are further improvements to be made to BUMPy. The pivotal plane 
based protocol could be extended to create nonbilayer shapes such as cubic or 
hexagonal phases, and extensions could be made to allow embedding of proteins and 
















Molecular details of the interaction between the 


















Molecular details of the interaction between the soluble domain of tim23 and 
cardiolipin-containing bilayers 
Abstract 
Tim23 is the central component of the TIM23 mitochondrial protein import machinery. The 
soluble domain of tim23 interacts with multiple binding partners in the intermembrane 
space, and has been demonstrated to bind favorably to cardiolipin-containing bilayers. 
To probe the molecular mechanism of cardiolipin specificity, we performed atomistic 
molecular dynamics simulations of binding of the N-terminal residues of tim23 to 
membranes with and without cardiolipin. We reproduce the preferential binding behavior 
of tim23 to cardiolipin, and characterize the molecular details of the bound configuration, 
pointing out several potential mechanisms of tim23-cardiolipin selectivity. In conjunction 
with fluorescence-based experiments, we identify a glycine residue that is key to the 
protein-membrane interaction. 
Introduction 
The inner mitochondrial membrane is extremely protein dense. The majority of 
mitochondrial proteins are synthesized in the cellular cytosol, and then imported into the 
mitochondrion253. The Translocase of the Outer Membrane (TOM) complex is responsible 
for the bulk of transport across the inner membrane254, and the Translocase of the Inner 
Membrane (TIM23) complex then transports proteins that are bound for either the inner 






 Tim23 is the central protein of the TIM23 transport complex. It consists of an N-
terminal soluble domain exposed to the IMS, and a 4-pass integral C-terminal region that 
forms the main protein transport channel256,257. The soluble domain of tim23 (tim23N) in 
Saccharomyces cerevisiae consists of 96 residues and is largely unstructured. It is a 
promiscuous binder, having demonstrated affinity for the TOM complex258, other tim 
proteins259,260, and protein presequences261. Deletion mutants of tim23 are unable to grow 
at high temperatures258. 
 Tim23N also interacts with membranes. An NMR-based study by Bajaj and 
colleagues show membrane binding sites between residues 1 to 7 and 26 to 46181. This 
interaction is greatly enhanced with membranes in the presence of cardiolipin. The 
authors propose that an N-terminal “hydrophobic hook” is key to this interaction, 
consisting of residues 3-5, a hydrophobic trio of Trp-Leu-Phe. This theory was supported 
with mutation studies – changing all 3 amino acids to serine completely abolished 
membrane binding. 
 The goal of this study was to further probe the mechanism of tim23-membrane 
binding through all-atom molecular dynamics simulations. We begin by demonstrating 
that MD simulations qualitatively reproduce the trend of increased binding of tim23 to 
cardiolipin-containing bilayers. With the increased resolution of MD, we confirm the 
insertion of the hydrophobic hook into membrane interiors. Further, we identify another 
unlikely residue that is crucial for strong binding, a linking glycine at position 6. Finally, 
using simulations of pure membrane systems we identify membrane properties that may 








An extended conformation of the first 20 N-terminal residues of tim23 were generated 
using the Ad Bax NIH extended conformation tool 
(https://spin.niddk.nih.gov/bax/nmrserver/pdbutil/ext.html). For a subset of simulations, 
glycine 6 was mutated to proline using Pymol262. All simulations were run using the 
CHARMM-36 additive forcefield217,263. The C-terminal 20th residue was acetylated using 
the CHARMM-GUI218 to avoid an artificial c-terminal charge. 
 The CHARMM-GUI Membrane Builder242 was then used to generate solvated 
systems. Tim23N was placed in random orientations with a minimum distance of at least 
2 nm from the bilayer through any periodic image. The x and y dimensions were initially 
set to 8 nm, and the z dimension was on average ~13 nm. Three lipid compositions were 
created, the first consisting of 100% palmitoyloleyolphosphatidylcholine (POPC). The 
second and third lipid bilayers were composed of 80% POPC and 20% 
tetraoleoylcardiolipin (TOCL), with a -1, and -2 head group charge, respectively. Systems 
were neutralized with sodium chloride and brought to a total ion concentration of 150 mM.  
Two additional simulations of bilayers without protein were performed to calculate 
bilayer properties. One of these simulations was composed of 100% POPC, the other 
80% POPC, 20% TOCL (-2). A list of all simulations with protein and lipid compositions 







Table A1.1. List of simulations* 
Protein Lipid composition Replicates 
Abbreviation 
Native 100% POPC 6 POPC 
Native 80% POPC, 20% TOCL(-1) 6 TOCL1 
Native 80% POPC, 20% TOCL(-2) 6 TOCL2 
G6P 80% POPC, 20% TOCL(-2) 6 
 
None 100% POPC 1 
 
None 80% POPC, 20% TOCL(-2) 1 
 
*Native protein is the N-terminal 20 residues of tim23, with an amidated c-terminus. G6P 




Systems were simulated using Gromacs 5.0.1 (native tim23 simulations) and Gromacs 
2018 (glycine mutant simulations).  Systems were minimized with the steepest-descent 
minimization scheme for 2000 steps. Equilibration of each system was accomplished 
following CHARMM-GUI suggestions, with a brief NVT simulation followed by successive 
NPT simulations with position restraints on lipid head groups and the protein.  
Production simulations were run using the md integrator with a timestep of 2 
femtoseconds. Systems were simulated in the NPT ensemble, with temperature 
maintained at 303K using the Nose-Hoover220 coupling scheme with a time constant of 1 
ps, and pressure maintained at 1 bar using the Parrinello-Rahman197 coupling scheme 





semiisotropic, with the lateral dimensions of the bilayer (x/y) coupled separately form the 
z dimension. Short range Van der Waals interactions were switched to zero between 1.0 
and 1.2 nm using the force-switch method. Short range electrostatics were similarly 
treated, and long-range electrostatics were calculated using the particle mesh Ewald 
method. 
Analysis methods: 
Minimum distances between tim23 and the bilayer were calculated using the gmx mindist 
tool. Other protein z-coordinate analyses were performed using a combination of in-house 
python analysis scripts and MDTraj 235 routines. Images were created using VMD221. 
 A number of quantities were calculated by discretizing z-coordinate or distance 
time courses to “bound” or “unbound” states based on a hard cutoff. To avoid false 
apparent binding and unbinding artifacts due to transient contacts, transitions between 
states were only counted if a change in state was observed for all frames in a 10 ns 
window. 
Lateral pressure profiles were calculated using Gromacs-LS,19 a modified version of 
Gromacs 4.4.5. Positions and velocities were saved every 10 ps.  In Gromacs-LS, the 
PME algorithm cannot be used, and so electrostatics have to be calculated beyond the 
typical short-range cutoff. A recent publication56 has demonstrated that for accurate 
calculation of bilayer properties such as the spontaneous curvature, this cutoff needs to 
be as large as 3+ nm, but for qualitative assessment a shorter cutoff is sufficient. We 





Defects in lipid-only membranes were assessed using the PackMem tool264 and 
custom postprocessing. PackMem works by gridding up the box coordinates with fine 
granularity (typically, 1A). Moving from the solution to the bilayer in the z dimension, a 
“defect” is encountered if the first atom encountered is a nonpolar/acyl group, rather than 
a head group atom. PackMem further discriminates between normal defects and “deep” 
defects based on the z-coordinate of the defect compared to the glycerol level of the 
bilayer.   
The default PackMem analysis is to calculate the probability that a defect is of a 
certain size – that is, probabilities are based on the population of defects. Instead, we 
calculate probabilities as the average fraction of membrane area taken by defects of a 
given size. This approach allows us to assess absolute differences in defect coverage in 
the bilayer rather than relative distributions. We further process this data as a cumulative 
sum of defects up to a given size; that is, the probability at any point on the bilayer surface 
of finding a defect of at least a given size.  
Results 
Initially, simulations of tim23N with 3 different lipid compositions were performed to 
reproduce experimental binding trends. We abbreviate these systems as PC (100% 
POPC), CL-2 (80% POPC, 20% TOCL, -2 head group charge), and CL-1 (80% POPC, 
20% TOCL, -1 head group charge). As an initial indicator of membrane binding, we 
calculated the minimum distance between the membrane and protein for each system 
(Figure A1.1 A, B, C). The flat line around a distance of ~.16 nm observed in a number 





indicated that most to all interactions were occurring between the bilayer and the far N-
terminus.  
 Lipid composition had a strong impact on the binding behavior. In both the CL-1 
and CL-2 simulations, once the protein bound to the membrane it did not typically 
dissociate, whereas in the PC system some trials underwent multiple binding and 
unbinding events. Each trial of both the CL-1 and CL-2 systems (12 trials total) ended 
with tim23N bound to the membrane, while after 500ns for the PC system tim23N was 
found bound to the membrane in 3 of the 6 simulations. 
 Figure A1.1D displays a representative snapshot of the bound state at the end of 
a CL-2 simulation. The sidechains of the putative hydrophobic hook (W3, L4, F5) were 
inserted into the hydrophobic core of the bilayer, with the backbones of residues 1-5 
horizontal at the bilayer interface. At G6, the peptide kinks upward out of the bilayer. 
Visual inspection revealed that not all binding events assumed this posture. 
Particularly, in transient binding events of the PC system, the deepest point of insertion 
occurred at the N terminus with M1 and S2, with no hydrophobic sidechain insertion. From 
this we hypothesized that sidechain insertion is a prerequisite for stable membrane 
binding. To quantify the extent of binding, we discretized the binding time courses into 
three states: an unbound (U) state, when the minimum distance between the membrane 
and protein was greater than 0.2 nm; a loosely bound state (L), where the protein was in 
contact with the membrane, but has not inserted its hydrophobic hook; and  a tightly 
bound (T) state, in which at least one of the hydrophobic residues is inserted, with 





lipid phosphate z coordinate. A smoothing procedure was applied to avoid spurious 
binding/unbinding artifacts based on close but non-binding encounters (see methods).  
Discretization of the distance series closely tracked the actual binding behavior 
(Figure A1.2) in all cases, and allowed for assessment of the impact of side chain 
insertion. Figure A1.3 summarizes the binding time courses for each simulation. Tight 
binding was observed in 10 of the 12 simulations with bilayer containing cardiolipin, and 
in 3 of the 6 PC simulations. Regardless of lipid composition, in each system where tight 
binding occurred, the protein did not dissociate from the membrane. Likewise, in the PC 
simulations where binding and then unbinding events occurred, these binding events 
were stuck in the U state.  
 In our simulations, tim23 had similar membrane encounter rates regardless of 
membrane composition, measured by mean first encounter time (figure A1.4). This 
makes it unlikely that enhanced tim23 binding to CL-containing bilayers is due to 
enhanced long-range attraction though the limited scale of our systems prevents rigorous 
analysis of the behavior of tim23 in the vicinity of the bilayer. 
 A second possibility is that localized effects facilitate tim23 binding. In this case, 
tim23 binding would likely be dependent on local CL concentration. To explore this 
possibility, we calculated the local concentration of CL around the hydrophobic hook of 
tim23 within specific radii, and within 10 ns of loose and tight binding events (figure A1.5, 
top and bottom respectively) for the TOCL2 systems. We did not see enhanced CL 
concentrations around the protein, and in fact observed reduced CL concentration in the 
most immediate vicinity of the protein, perhaps due to the larger head group size of CL 





membranes is likely due to a general structural effect, rather than specific molecular 
interactions.  
The enhanced affinity of tim23 for CL-containing bilayers appears to be due to an 
easier transition from the L state to the T state, characterized by insertion of hydrophobic 
sidechains into the bilayer interior. Computational studies of model peptides that bind 
membranes peripherally have indicated that physical defects in the membrane aid in 
amino acid insertion227,265, and that conically shaped lipids can enhance the occurrence 
of these defects223. To investigate this possibility, we simulated membranes with the 
compositions of the PC and CL-2 systems, without peptide, and calculated lipid defects 
using the PackMem tool264. 
 Figure A1.6A shows the probability of encountering a membrane defect with (at 
least) a given area (see methods for more details). A defect is calculated as a patch of 
membrane that (i) is not covered in the z dimension by head group atoms, and thus 
exposes acyl chains, and (ii) the defect extends below the level of the interfacial glycerol 
moiety. The TOCL2 composition system displayed a larger probability of defects over all 
defect sizes. Figure A1.6B shows the relative probability fraction between the two 
bilayers. The difference in defect probability between the two systems increases with 
increasing defect size. It has been estimated that a relevant defect size for amino acid 
side chain insertion is on the order of 0.2 nm2. In this regime, a sizeable defect is ~1.5 
times more likely to occur in the CL-containing bilayer than the PC-only bilayer, supporting 
the idea that accessibility to acyl chains may be the mechanism by which CL enhances 
tim23 binding.  





Mutation studies of glycine 6 indicate that it is a key residue for tim23-membrane binding. 
We conducted 6 simulations of a glycine to proline mutant in the presence of bilayers with 
20% TOCL (-2), and found that binding of tim23N was reduced (figure A1.7 A), in 
qualitative agreement with experiments. Interestingly, we observed several loose binding 
events followed by unbinding in these simulations, a trend that had only been observed 
with PC-only simulations in the wild-type protein. 
 In tight binding simulations, G6 exists in the interfacial region as the protein kinks 
out of the membrane (figure A1.1 D). It may be that the flexibility of G6 in this specific 
membrane region that is key for tim23 binding. We calculated the lateral pressure profiles 
of the membrane-only simulations to better understand the local membrane structure. 
The overall profiles between the POPC and TOCL2 systems were quite similar figure 
(figure A1.S1), with a slightly more prominent positive peak in the membrane core of the 
CL-containing simulation, due to additional unsaturated bonds. We then mapped the 
average z coordinates of the first 6 residues onto the pressure profile for loosely and 
tightly bound states (Figure A1.7 B and C, respectively). In the loosely bound state, the 
amino acids are on average positioned above the large positive headgroup peak, while 
in the tightly bound state the aromatic residues have inserted into the negative interfacial 
tension peak, while the position of the glycine lies close to the positive pressure peak. We 
speculate that the conformational flexibility and lack of a bulky sidechain in glycine 6 is 
key to bridging this tightly packed region of the bilayer. 
Conclusions 
We have successfully reproduced the differential binding behavior of tim23 to POPC and 





to discriminate between a reversible loose binding mode and an irreversible tight binding 
mode, characterized by insertion of the hydrophobic hook of residues 3-5. We examined 
several possible mechanisms of differential binding, finding evidence of a defect-based 
mode of CL-binding enhancement. Finally, we show that glycine 6 is key for tight binding, 
and point to its location in the bilayer with respect to the lateral pressure profile as a 



























Figure A1.1. tim23-membrane binding distances. (A, B, C) – the minimum distance 
between the N-terminal 20 residues of tim23 and bilayers for the POPC, TOCL1, and 
TOCL2 systems, respectively. Each color represents one of 6 trials. D) Representative 





 Figure A1.2. Quantifying tim23 binding time-series. A) The minimum distance between 
protein and membrane for one TOCL2 trial. The light blue line indicates the measurement 
of unbound vs loosely bound. B) Center of mass z-dimensional distance between amino 
acid side chains 1-5 and the center of the bilayer. The dotted black line indicates the level 


















Figure A1.3. Summarized binding behavior of tim23 to membranes. Lack of a line 
indicates that tim23 is in solution. Blue dots represent loose binding events, and the 
subsequent solid line is the duration of loose binding. Loose binding can terminate in a 













Figure A1.4. Mean first protein-membrane encounter time over replicates, measured as 
the time from the start of the simulation to when a loose binding event first occurs (figure 





 Figure A1.5. Local CL concentration around tim23 near binding events. Top) The 
fractional concentration of TOCL within 10 ns of loose binding events. Bottom) The 
fractional concentration of TOCL within 10 ns of tight binding events. Data is averaged 
over every loose and tight binding event in all TOCL2 replicates. Radii are with respect 
to the center of mass of residues 3 to 5. Error bars are 95% confidence intervals 







Figure A1.6. Defects in CL-containing bilayers. A) Cumulative probability of finding a 
surface defect of at least a given area, for the POPC and TOCL2 bilayers. B) Ratio of 
(TOCL/POPC) defect probability for each defect area. Error bars are 95% confidence 










Figure A1.7 The importance of Glycine 6. A) Binding time course for a G6P mutant and a 
TOCL2 bilayer. B) Average side chain positions of residues 1-6 for a native tim23 protein 
bound to a TOCL2 bilayer, in the loosely bound configuration, mapped onto the lateral 
pressure profile of the TOCL2 pure membrane system. C) The same system in a tightly 












Figure A1.S1. Lateral pressure profiles of pure membrane systems, for POPC (blue) 
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